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Abstract

There has been a proliferation of Web 2.0 sites on the Internet. Contemporary Web 2.0 sites
like Facebook and Twitter are primarily driven by user generated content (UGC). On the other
hand, the volume of content by such user contributions has been increasing rapidly. However,
user generated content may not conform to the set of guidelines and rules of the websites. Sub-
par content can severely affect user engagement, retention and also have an adverse impact on
information retrieval systems. Therefore, there is an impending need to manage and enhance
content quality on Web 2.0 sites. In this thesis, we investigate three broad objectives – (1) Low
quality content, (2) Content Quality Systems and (3) Information Retrieval Enhancement. In
order to address these objectives, first - we look at low quality questions on a popular pro-
gramming based community based question answering (CQA) website called Stackoverflow.
We analyze user behavior, content patterns and also build supervised machine learning based
predictive systems to detect low quality questions. In context to the second objective, we look
at enhancing content quality on Issue Tracking Systems - a popular artifact used by developers
during the software maintenance lifecycle. We conduct surveys from software practitioners to
understand the needs of the community and discover that developers frequently use the Internet
for their daily tasks. In order to reduce the context switch for software maintenance profession-
als, we develop two systems – (i) CQA integration with Issue Tracking Systems and (ii) Web
Reference Management Browser Plugin. We develop both these systems to reduce cognitive
load on software maintenance professionals during their daily tasks. In context to the third ob-
jective, we look at quality enhancement on social media to help information retrieval systems.
Concretely, we propose a new algorithm to utilize social interactions to discover homogeneous
topic-based communities on a social network. To address the challenge of scalability, our al-
gorithm only visits required portions of the network based on an expectation-maximization
approach. Further, we also propose an algorithm for tag recommendation on social media.
Specifically, we utilize Twitter to suggest tags to external linked media like Flickr, Youtube
and Soundcloud. In conclusion, we look at different perspectives for quality analysis, systems,
detection and enhancement of content on Web 2.0 sites.



I dedicate this thesis to my father Rosario Franco Correa who is not here to live this day. He
would not agree with me but would always defend the right to speak my alternate and extremely

crazy view points. I miss him.
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Chapter 1

Introduction

The meteoric rise of the Internet has led to an increase of Web 2.0 websites on the World Wide Web
(WWW). Web 2.0 websites are a paradigm shift from the traditional websites and are interactive
in nature allowing user contributions. Examples of Web 2.0 websites include social media like
Facebook, Twitter, Youtube, Foursquare and Flickr [4, 5, 14, 10, 3]; Community Based Question-
Answering websites like Stack Overflow, Yahoo! Answers and Quora [7, 13, 9]; Software En-
gineering Issue Tracking Systems - Chromium and Android [1, 2]. Most of the aforementioned
contemporary Web 2.0 websites are primarily driven by user-generated content (UGC). Over the
last few years, there has been an explosion of UGC on the WWW owing to an increase in Web
2.0 websites. For example, Twitter – a very popular microblogging website – attracted more than
500M tweets per day as of October 3, 2013 [24] while Stack Overflow – a popular programming
based Question-Answering website – has 7.1M questions and 12M answers [8]. All thriving Web
2.0 sites have shown an increasing trend of UGC volume and forecasts predict that the future trends
will show a more sharp increase. Such rapid increases in UGC volumes has led to many interest-
ing challenges and opportunities for researchers across the globe. In this thesis, we focus on an
important aspect of UGC on the Internet - content quality viz. quality of the UGC on the WWW.

1.1 Content Quality - Motivation
The traditional model of publishing (Web 1.0) was a publish only model in which website owners
published information for Internet users to consume. The Web 2.0 publishing model is a two-
way street which includes the Internet users publishing content on the website. In fact, most Web
2.0 sites thrive mostly on UGC while the only contributions from the website owners are content
publishing platforms or provisions. Similar to content on traditional WWW, UGC on Web 2.0
websites can be rich sources of information. Studies have shown that Twitter provides quality
temporally relevant information like news and breaking events [83, 124] and Stack Overflow is
now the primary website for programming related information [93]. In few geographical niche
markets, these avenues of information are considered more significant than the traditional web [16].
Despite their popularity and usefulness, these websites have a very low publication barrier and are
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primarily driven by users of these sites. Thus, unlike the traditional WWW - where there are
intermediate health checks on the content - in Web 2.0 there is a large variance in the quality of
UGC on such websites. Despite the variation in quality, websites like Twitter and Stack Overflow
are used by many users around the world to search and discover information for niche needs and
purposes [83, 93]. In many practical use cases, these websites provide quicker and more relevant,
accurate results for certain types of information requirements.

The voluminous UGC available on such Web 2.0 sites provides interesting opportunities and
challenges for research. There is little or no intermediate health checks of content the quality
of content is remarkably varied than traditional sources [37]. The high variance in information
quality distribution provides unexpected and complex challenges for current systems. Since Web
2.0 websites are free to user and a low publication barrier, the maintenance of content quality on
the website is a challenging task. However, maintenance of content quality is a challenge due
to the sheer volume of content and the number of users. Popular Web 2.0 websites are repeatedly
targeted by malicious users for various egregious purposes like spam [71, 85] and phishing [49, 26].
In addition, users of the website may also post content which is against the rules of the website
and therefore, can also be construed as low quality given the context. Low quality content has a
debilitating effect on information retrieval systems and also effects user experience [27, 93]. A
manual process to sift and quarantine content on the site is practically infeasible due to the sheer
volume of users and content on such Web 2.0 services. Most of these websites rely on crowd
sourced mechanisms like community moderators who quarantine content to maintain the hygiene
on the website. However, inappropriate or belligerent moderation can have undesirable effect on
the users [61]. In addition, to moderation of low quality content it is also essential to provide an
encouraging platform and interface for users to maintain content quality. It is important to identify
key indicators of content quality and help users to indulge in these indicators. All these factors
make the maintenance of content quality on Web 2.0 sites a challenging and contemporary research
agenda. In this thesis, we investigate different challenges about content quality in three diverse
and different contemporary Web 2.0 services – Stack Overflow (a popular programming based
question-answering website), Issue Tracking Systems (an integral part of software maintenance
process) and Twitter (a popular microblogging platform). In the next sections, we explain the
broad objectives of this thesis.

1.2 Objectives of Thesis
Content quality on Web 2.0 services is a important and major challenge. Therefore, it is important
to look at the different aspects that affect content quality on WWW. In this thesis, we look to
make progress on three aspects of content quality – (1) Low Quality Content, (2) Content Quality
Systems and (3) Information Retrieval. We now explain each of these three aspects.

3
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Low Quality Content
Web 2.0 services exist and thrive on user generated content. Therefore, there is a high degree of
variance in the quality of the content due to minimal publishing barriers. The content could be
extremely low in quality like spam, off-topic and abuse. Such content may adversely affect the
user experience and also severely impact Information Retrieval algorithms. Hence, it is important
to study the factors affecting low quality content. Some research questions include – Why do
users post low quality content?, What are the content characteristics of low quality content? and
What is the nature of low quality content?. Our objective is to understand the phenomena of low
quality content from the user perspective. In addition, most Web 2.0 services employ moderators
to manually curate and weed out low quality content. The answers to our previous questions can
also help us build systems to automatically detect low quality content and thus aid the moderators
in their daily tasks.

Content Quality Systems
Since the primary function of Web 2.0 services is to aid users to contribute content; the user
becomes the focal point of the content quality ecosystem. Therefore, it is imperative that the user
is provided resources to help her in content contribution. In the previous objective, we expect to
discover content characteristics of low quality content. In this part of the thesis, our objective is
to build on these content characteristics to develop systems for content quality enhancement. The
system(s) should directly contribute to the daily work flow of the user and have a positive impact
on her productivity. Overall, these systems should enhance the user experience on the respective
Web 2.0 service and encourage users to contribute better quality content to these services.

Information Retrieval Enhancement
The user generated content on Web 2.0 services may have missing information. Missing infor-
mation has an adverse impact on Information Retrieval systems and in turn the user experience.
Therefore, it is important to add relevant contextual information to content to aid Information
Retrieval systems. In this thesis, we look at solutions to improve the content quality by adding
relevant metadata to user generated content. In addition to missing information, the search and re-
trieval algorithms should leverage high quality content to discover accurate and meaningful results
to the end user. Hence, we aim to build information retrieval algorithms to leverage quality content
for Information Retrieval enhancement.

1.3 Contributions of Thesis

Analysis and Detection of Low Quality Content
One of the main objectives of this thesis is to study low quality content. Here, we aim to de-
tect low quality content on user generated content on Community Based Question Answering

4
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(CQA) websites. Concretely, we investigate quality of questions on Stack Overflow which is a
very popular CQA website for programmers. Stack Overflow is a free, open website to all users
and therefore, maintenance of content quality on such a large scale social collaborative platform
is a challenge [27]. Stack Overflow has detailed, explicit guidelines on posting questions and
it maintains a firm emphasis on following a question-answer format. The community strongly
discourages questions which could generate chit-chat, opinions, polls etc. and employs elected
moderators to ensure content quality maintenance. Opinion-based questions and questions which
have a tendency to generate discussions rather than answers are categorically considered inappro-
priate. Some examples of such questions include (but not limited to) homework questions, product
or service recommendations, non-programming related and polls. Stack Overflow is driven by the
goal to be an exhaustive knowledge base on programming related topics and hence, the community
would like to ensure minimal possible noise on the website. However, despite of the presence of
question posting guidelines and an ebullient moderation community, a significant percentage of
questions on Stack Overflow are extremely poor in nature. Questions are a fundamental aspect of
any CQA website and the presence of poor quality content may affect user experience. Question
quality control also plays a significant role in a CQA’s functioning and popularity. Prior work
also shows that poor quality content on a CQA website may drive users away from the platform
and adversely affect the traffic [93]. Therefore, it is important to study poor quality questions and
develop mechanisms to minimize them on the website.

Closed Questions

Questions posted on Stack Overflow which are not related to programming topics, are marked as
‘closed’ by experienced users and community moderators. A question can be ‘closed’ for five
reasons – duplicate, off-topic, subjective, not a real question and too localized. In this work, we
present the first study of ‘closed’ questions on Stack Overflow. We download 4 years of publicly
available data which contains 3.4 Million questions. We first analyze and characterize the complete
set of 0.1 Million ‘closed’ questions. Next, we use a machine learning framework and build a
predictive model to identify a ‘closed’ question at the time of question creation.

One of our key findings is that despite being marked as ‘closed’, subjective questions contain
high information value and are very popular with the users. We observe an increasing trend in the
percentage of closed questions over time and find that this increase is positively correlated to the
number of newly registered users. In addition, we also see a decrease in community participation
to mark a ‘closed’ question which has led to an increase in moderation job time. We also find that
questions closed with the Duplicate and Off Topic labels are relatively more prone to reputation
gaming. Our analysis suggests broader implications for content quality maintenance on CQA
websites. For the ‘closed’ question prediction task, we make use of multiple genres of feature
sets based on - user profile , community process, textual style and question content. We use a
state-of-art machine learning classifier based on an ensemble framework and achieve an overall
accuracy of 70.3%. Analysis of the feature space reveals that ‘closed’ questions are relatively less
informative and descriptive than non-‘closed’ questions. To the best of our knowledge, this is the
first experimental study to analyze and predict ‘closed’ questions on Stack Overflow.

5
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Deleted Questions

Stack Overflow has explicit, detailed guidelines on how to post questions and an ebullient mod-
eration community. Despite these precise communications and safeguards, questions posted on
Stack Overflow can be extremely off topic or very poor in quality. Such questions can be deleted
from Stack Overflow at the discretion of experienced community members and moderators. We
present the first study of deleted questions on Stack Overflow. We divide our study into two parts
– (i) Characterization of deleted questions over ≈ 5 years (2008-2013) of data, (ii) Prediction of
deletion at the time of question creation.

Our characterization study reveals multiple insights on question deletion phenomena. We find
that it takes substantial time to vote a question to be deleted but once voted, the community takes
swift action. We also see that question authors delete their questions to salvage reputation points.
We notice some instances of accidental deletion of good quality questions but such questions are
voted back to be undeleted quickly. We discover a pyramidal structure of question quality on Stack
Overflow and find that deleted questions lie at the bottom (lowest quality) of the pyramid. We also
build a predictive model to detect the deletion of question at the creation time. We experiment with
47 features – based on User Profile, Community Generated, Question Content and Syntactic style
– and report an accuracy of 66%. Our findings reveal important suggestions for content quality
maintenance on community based question answering websites. To the best of our knowledge, this
is the first large scale study on poor quality (deleted) questions on Stack Overflow.

Content Quality Systems
In the second part of our thesis, our objective is to build systems to improve content quality. Here,
we focus on building systems for software maintenance professionals. We draw from insights from
our study on low quality and build systems to address some of the indicators of content quality.
Research shows that software developers spend a significant amount of their time outside their
development environment (such as Eclipse Integrated Development Environment) and inside their
Web Browser searching and navigating information available on the Web required for problem-
solving [69]. Prior research reveals that programmers spent 19% of their programming time on the
Web to accomplish several different kinds of activities (such as learning of unfamiliar concepts,
language syntax, API or function usage, reading tutorials or how-to articles, connecting high-level
knowledge to implementation details) [45]. Communication, collaboration, exchanging knowl-
edge and searching for information is not only a common activity during development but also
during bug resolution and bug fixing [40, 140]. Web searching, browsing and navigation, referring
to online resources and posting web-links to resources is not only done during programming but
also during issue resolution process. Previous research shows that developers spent considerable
amount of time outside their development environment and in their web-browser resulting in a
context-switch between the development environment and browser [64, 57, 54, 35, 51, 44]. There-
fore, tools and systems to integrate web resources into issue tracking systems can be extremely
useful for software maintenance professionals.

6
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Integrating Issue Tracking Systems with Community Based Question-Answering Websites

Issue tracking systems such as Bugzilla are tools to facilitate collaboration between software main-
tenance professionals. Popular issue tracking systems consists of discussion forums to facilitate
bug reporting and comment posting. We observe that several comments posted in issue track-
ing system contains link to external websites such as YouTube (video sharing website), Twitter
(micro-blogging website), Stackoverflow (a community-based question and answering website for
programmers), Wikipedia and focused discussions forums. Stackoverflow is a popular community-
based question and answering website for programmers and is widely used by software engineers
as it contains answers to millions of questions (an extensive knowledge resource) posted by pro-
grammers on diverse topics. We conduct a series of experiments on open-source Google Chromium
and Android issue tracker data (publicly available real-world dataset) to understand the role and
impact of Stackoverflow in issue resolution. Our experimental results show evidences of several
references to Stackoverflow in threaded discussions and demonstrate correlation between a lower
mean time to repair (in one dataset) with presence of Stackoverflow links. We also observe that
the average number of comments posted in response to bug reports are less when Stackoverflow
links are presented in contrast to bug reports not containing Stackoverflow references. We conduct
experiments based on textual similarly analysis (content-based linguistic features) and contextual
data analysis (exploited metadata such as tags associated to a Stackoverflow question) to recom-
mend Stackoverflow questions for an incoming bug report. We perform empirical analysis to mea-
sure the effectiveness of the proposed method on a dataset containing ground-truth and present our
insights. We present the result of a survey (of Google Chromium Developers) that we conducted
to understand practitioner’s perspective and experience.

Samekana: A Browser Extension for Including Relevant Web Links in Issue Tracking
Systems

Several widely used Issue tracking systems (such as Google Issue Tracker and Bugzilla) con-
tains an integrated threaded discussion forum to facilitate discussion between the development and
maintenance team (bug reporters, bug triagers, bug fixers and quality assurance managers). We
observe that several comments (and even bug report descriptions) posted to issue tracing system
contains links to external websites as references to knowledge sources relevant to the discussion.
We conduct a survey (and present the results of the survey) of Google Chromium Developers on
the importance and usefulness of web references in issue tracking system comments and the need
of a web-browser extension which facilitates easy organization and inclusion of web-links in the
post. We conduct a characterization study on an experimental dataset from Google Chromium
Issue Tracking system and present results on the distribution of number of links in the dataset,
categorization of links into pre-defined classes (such as blogs, community based Q&A websites,
developer discussion forums, version control system), correlation of number and types of links
with various bug report types (such as security, crash, regression and clean-up) and relation be-
tween presence of links and bug resolution time. Survey results and data characterization study
motivate the need of building a developer productivity tool to facilitate web-link (as references)

7
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organization and inclusion in issue tracking system comments. We present a Google Chromium
Web Browser Extension called as Samekana and publish the extension on Google Chromium Web
Store1 which can be freely downloaded by users worldwide. The extension contains features such
as annotating (using tags, title and description) and saving web references pertaining to multiple
bug reports and tasks and then posting it as bibliography (for easy citation and reference) in issue
tracking system comments.

Information Retrieval enhancement
Web 2.0 services provide a platform to subscribers to publish content. Most of these websites are
open to all Internet users and encourage users to contribute content in various forms. Prior research
reveals issues with the quality of user generated content [80, 89]. Therefore, it is important to look
for solutions which enhance content quality on Web 2.0 sites. We look into the problem of tag
recommendation to enhance metadata for multimedia content. Web 2.0 sites also allow users to
interact with each other using various mechanisms. These interactions lead to formation of virtual
and implicit communities around specific topics. Mining interactions can be a potentially useful
quality enabler to extract implicit topic-centric communities. Hence, we look at algorithms to
discover interaction-based topic-specific communities on social media.

Mining Tweets for Tag Recommendation on Social Media

Automatic tag recommendation or annotation can help in improving the efficiency of text-based
information retrieval on online social media services like Blogger, Last.FM, Flickr and YouTube.
We investigate alternate solutions for tag recommendations by employing a Wisdom of Crowd
approach in a mashup framework. In particular, we mine tweets on Twitter and use their hashtag(s)
and content to annotate videos on Flickr, Photobucket, YouTube, Dailymotion and SoundCloud.
We crawl Twitter to collect a random sample of tweets containing Flickr, Photobucket, YouTube,
Dailymotion and SoundCloud URLs. We then recommend tags for these services using hashtag(s)
and content present in tweets. We use a hybrid technique (automated and manual) to validate
our results on different subsets (presence / absence of hashtags, presence / absence of media tags)
of data. Experimental results demonstrate that the proposed solution approach is effective and
reliable.

Interaction Based Topic Centric Community Discovery on Twitter

Automatic detection of communities (or cohesive groups of actors in social network) in online so-
cial media platforms based on user interests and interaction is a problem that has recently attracted
a lot of research attention. Mining user interactions on Twitter to discover such communities is a
technically challenging information retrieval task. We present an algorithm – iTop – to discover in-
teraction based topic centric communities by mining user interaction signals (such as @-messages
and retweets) which indicate cohesion. iTop takes any topic as an input keyword and exploits local

1https://chrome.google.com/webstore/detail/samekana/mjhpnkbpjcfijhfiblkfaeiiooineblf
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information to infer global topic-centric communities. We evaluate the discovered communities
along three dimensions: graph based (node-edge quality), empirical-based (Twitter lists) and se-
mantic based (frequent n-grams in tweets). We conduct experiments on a publicly available scrape
of Twitter provided by InfoChimps via a web service. We perform a case study on two diverse
topics - ‘Computer Aided Design (CAD)’ and ‘Kashmir’ to demonstrate the efficacy of iTop. Em-
pirical results from both case studies show that iTop is successfully able to discover topic-centric,
interaction based communities on Twitter.

1.4 Organization of Thesis
The rest of this thesis is organized as follows. Chapter 2 presents literature survey in context to the
objectives of our thesis. Chatper 3 and Chapter 4 propose solution approach to analyze and detect
low quality content on Stackoverflow CQA. We then move to build systems to enable quality in
technologies used during software maintenance tasks. Concretely, Chapter 5 proposes a solution to
integrate CQA websites with Issue Tracking Systems to assist software maintenance professionals
and bug reporters. In Chapter 6, we analyze link sharing patterns in Issue Tracking Systems and
build a browser plugin to help software maintenance professionals manage their web references.
We then move on to the inclusion of quality indicators for effective information retrieval on social
media. Chapter 7 proposes to utilize high quality interactions amongst users in social media to
discover implicit homogeneous topic-based communities. In Chapter 8, we look into leveraging
Twitter to recommend tags on multimedia posts to improve information retrieval. In the end, we
give a brief summary of our thesis in Chapter 9.

9
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Chapter 2

Literature Survey

In this chapter we present a literature survey of prior work in context to the thesis. Earlier, we
stated that the broad objectives of this thesis is – analysis, detection of low quality content and
building quality enablers for search in UGC media like issue tracking systems and social media.
In recent past, there has been a lot of work on quality of content on in these domains. We perform
a review of literature with respect to the objectives of our thesis.

2.1 Background
We give a brief background of the Web 2.0 services we perform our study.

Community Based Q&A sites – Stack Overflow
Community driven Question Answering (CQA) websites like Stack Overflow, Quora and Yahoo!
Answers are popular contemporary genre of websites on the Internet. CQA websites follow a
standard Q&A format where a user asks a question on a problem she faces; while other users
(who may have some prior expertise) respond with their answers on the question. Effectively,
CQA websites follow a crowd sourced model in which the knowledge of experts is exploited to
form a large scale knowledge base on variety of topics. Stack Exchange is a platform which pro-
vides libraries to deploy topic-based community powered Q&A websites [75]. Stack Exchange
is a growing network of thematic question-answering websites with each website dedicated to a
specific field of expertise [75]. It consists of 107 CQA websites with 4.1M users, 7.3M questions,
13.2 M answers and 8.5M visits per day.1 CQA websites on Stack Exchange span across differ-
ent orthogonal themes like Technology (Web Applications, Game Development), Culture (Travel,
Christianity), Arts (Photograph, Scientific Fiction) and Sciences (Mathematics, Physics). Stack
Overflow is a programming based CQA and the most popular Stack Exchange website consisting
of 7.1M questions, 12M answers and 2M+ registered users on its website [9].

1https://stackexchange.com/about

https://stackexchange.com/about


2.1. Background

Stack Overflow is the first and most popular Stack Exchange website which caters to the bene-
fits of professional programmers and programming enthusiasts. It is a free and open Q&A website
where users can ask programming related questions. Stack Overflow maintains a strong emphasis
on question-answer based format of the site and strongly discourages discussion or chit-chat. The
community strongly discourages questions which could generate chit-chat, opinions, polls etc. and
employs elected moderators to ensure content quality maintenance. Stack Overflow also encour-
ages question askers to post details about the problem they face and recommend that questions
contain source code. In addition, it is encouraged to mention details about previously tried but
unsuccessful solutions along with the actual question.

In particular, questions on the topics which contain specific programming problems, software
algorithms, coding techniques and software development tools are recommended and considered
fit for its Q&A format. An intricate community based voting process is followed to reward users for
good quality questions and answers. Relevant, technically challenging and good question-answers
are rewarded by the community with votes. Similarly, answers which address the problem encoun-
tered by the original question can be voted accepted. This voting process allows post owners to
earn a reputation which is a reflection of their contribution worth to the Stack Overflow commu-
nity. Conversely, the same voting process can lead to penalties on the post owner’s reputation due
to low quality posts like wrong answers, spam and advertisements. Badges (the online equivalent
of medals) are awarded to users as incentives to highlight special achievements based on commu-
nity participation. This community based reputation reward process helps to ensure a reasonable
degree of high quality content on the website and weed out low quality content. Stack Overflow is
a free, open website to all users and therefore, maintenance of content quality on such a large scale
social collaborative platform is a challenge [27]. In this thesis, we specifically look into the aspect
of question quality on Stack Overflow.

Issue Tracking Systems
Issue Tracking Systems (commonly referred to as Bug or Defect Tracking Systems) such as Bugzilla,
Google Issue Tracker, JIRA and Mantis provides a platform to support software maintenance ac-
tivities such as issue reporting, tracking and resolution. Issue (such as a bug report or a feature
enhancement request) tracking and resolution is a social and collaborative process in which an
issue tracker serves as a communication hub and channel between the users, developers and QA
(Quality Assurance) team [40]. Also, software maintenance process can consume more than 50%
of the total life cycle costs [129]. Therefore, Issue Tracking Systems are an important cog in the
wheel of the software maintenance process.

A typical process on an issue tracking systems requires the bug reporter to report a bug. The
bug fixers may comment on the bug to seek further clarifications from the reporter or use it as a
communication medium to discuss bug resolution strategies and road-maps. There could be many
other features in an issue tracking system but textual description of bug reports and comments
remain the most significant aspects of the process. There are detailed guidelines on bug reporting
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however, reporters and fixers may choose to ignore these guidelines.2. Ignorance of guidelines
may introduce undesirable effects in the software and may increase overall software effort [99].
Therefore, it is important to investigate into quality of bug reports and comments in Issue Tracking
Systems.

Chromium is a popular open source web browser project based on which Google Chrome (also
called Chrome) browser is built.3 Chrome occupies 43% of the world wide browser market share
as of March 2014.4 Android is a popular mobile operating system based on the Linux kernel used
for phones, tablets and other mobile devices.5 The Android OS runs on 52% of the mobile devices
as of February 2014.6 The Issue Tracking Systems for both these projects are publicly available
for download. Therefore, both these projects make an interesting test bed for our research due to
their popularity, large data base and diversity. In this thesis, we look at quality indicators for bug
reports and discussions on Google Chromium and Android Issue Tracking Systems. We also build
systems and tools to help software maintenance professionals increase bug report quality during
their daily maintenance tasks.

Twitter - Online Social Network
Twitter is one of the most used and immensely popular social network. Twitter is a micro-blogging
website that allows registered users to share images, videos and text in short 140-character limit
messages called tweets. Twitter reports that it has more than 200 Million monthly active users with
more than 500 Million tweets posted everyday [24]. Previous research shows that Twitterers use
Twitter to serve multiple purposes like - share their daily experiences, take part in conversations,
share information (in the form of URLs, images, videos) and report & assimilate news [83]. Twitter
provides many features to registered users to engage in multiple types of interactions with each
other. Here, we briefly mention these features.

1. Follow – Twitter users connect with each other via a subscription based feature called the
Follow. Twitter users can choose to ‘follow’ other fellow users to receive their tweets. For
example, a user X can receive tweets from user Y if X ‘follows’ Y, indicating information
flow from Y to X. The users who ‘follow’ user X are called followers of X and the users
whom X follows are called followees.

2. @-messages – Twitter provides a feature to reply as well as send tweets to other users called
@-messages. For example, a user X can reply or send a tweet to another user Y by writing
@Y (where Y is a username) indicating an information flow from X to Y. Moreover, a
user X can send an @-message to any other public user Z without following Z. An important
distinction to note here is that the direction of information flow using @-messages is opposite
to that of Follow.

2http://www.chromium.org/for-testers/bug-reporting-guidelines
3https://www.google.com/intl/en/chrome/browser/
4http://gs.statcounter.com/#browser-ww-monthly-201210-201304
5http://www.android.com
6http://www.dazeinfo.com/2014/04/16/apple-inc-aapl-claims-41-3-of-smartphone-market-but-android-enjoys-the-largest-chunk-of-the-pie/
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3. Retweet or RTs – Twitter allows its users to repost a tweet using the ReTweet (RT) button or
by copying the previous message and prefixing the characters ‘RT’ to the tweet. An RT by a
user signifies that the tweet is interesting to the user and hence, wants to re-share it. Similar
to @-messages, a user need not follow another public user to RT his tweets.

4. Lists – Twitter users can categorize other users into buckets called lists. Users need not
follow other users to create lists. Lists provide a great way to organize groups of users
connected via a common theme. Lists can be publicly accessible to everyone or private to
the owner.

Prior research shows severe gaps in the quality of content on Web 2.0 sites [60, 114, 115].
In this thesis, we explore the use of Twitter to fill in gaps over quality on social media. We also
explore a new algorithm to extract homogeneous Twitter-based communities with the usage of
significant interactions between users.

2.2 Content Quality on CQA websites
The two most central piece of units in any CQA website are Questions and Answers. Prior work has
mostly focused on answer quality and best answer retrieval. In this section, We review literature
about content quality on CQA websites. Finally, we discuss the reasons for our choice of CQA
website for our experiments.

Answer Quality
Evaluation and prediction of answer quality has attracted wide spread attention in the IR research
community. We review the literature on answer quality in CQA sites.

Machine learning approaches have been quite popular to predict answer quality. Burel et al.
use thread-based features in conjunction to user-based and content-based features to build a ma-
chine learning classifier to find the best answers in CQA sites. They perform experiments on three
diverse CQA sites – SAP Community Network (SCN)7, ServerFault8 and Cooking9. [46]. Their
experiments show that discriminatory features vary across CQAs and are not generalizable. Toba
et al. use a hybrid hierarchy-of-classifiers machine learning framework to model answer quality
on Yahoo! Answers [125]. They argue that the quality of an answer directly depends on the type
of the question. Therefore, a supervised classification method classifies each question in a QA pair
into one six pre-defined categories – Definition, Factoid, Opinion, Procedure, Reason and YesNo.
Next, each such category has another supervised classification algorithm for answer quality deter-
mination thus creating a hierarchy-of-classifiers. Their results show that good quality answers are
long, well structured and contain appropriate references. Shah and Pomerantz propose a supervised

7http://scn.sap.com/welcome
8http://serverfault.com/
9http://cooking.stackexchange.com/
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classification approach based on human assessed aspects and question-answer meta information to
predict answer quality on Yahoo! Answers CQA [113]. Their study showed that human evaluators
were able to assess factors affecting answer quality. But, these factors couldn’t be encoded in the
machine learning framework as they required to be put in context of the question. Hu et al. use tex-
tual and non-textual features in a multi-modal deep learning framework to estimate answer quality
on Baidu Zhidao10 and Yahoo! Answers [73]. Their experiments show that non-textual features
are better estimators of answer quality than textual features. Further analysis of their approach
shows that question related temporal features do not affect answer quality. Cai and Chakravarthy
propose temporal features to predict answer quality in Yahoo! Answers and Stackoverflow [47].
Their experiment shows that the dynamic nature of CQA sites make temporal features more suit-
able to predict answer quality. Blooma et al. also study 17 answer quality indicators (social and
content-based) in Yahoo! Answers [41]. Their experiments show that appraisal features based on
content like positive votes, completeness, presentation, reliability and accuracy are the best indi-
cators of answer quality. Ginsca and Popescu investigate the relevance of user profile and activity
features for answer quality on Stackoverflow [62]. They show that user profiles features like loca-
tion, name, avatar and community involvement like profile views, votes are highly correlated with
answer quality.

Apart from machine learning based approaches, some solutions have taken an Information
Retrieval view of the problem. Jeon et al. propose Maximum Entropy and Kernel Density Estima-
tion(KDE) approach in conjunction with non-textual features to predict answer quality on Naver,
a Korean CQA website [76]. They incorporate quality scores into a language-modeling based
retrieval model and perform experiments to show significant improvement in question-answer re-
trieval performance. Zhou et al. propose an answer quality assessment method to benefit ques-
tion routing on Yahoo!Answers [137]. They develop a probabilistic framework to predict answer
quality score based on prior question interest of the scores and answer structures. Sakai et al. pro-
pose evaluation methods based on graded-relevance IR metrics to find the best answers on Yahoo!
Chiebukuro (Japanese Yahoo! Answers) [110].

Finally, we also observe some empirical studies to understand answer quality. Shachaf per-
forms a comparison of answer quality on four websites – Askville11, WikiAnswers12, Wikipedia
Reference Desk13, and Yahoo! Answers [56]. The study reports that there are appreciable answer
quality variations across CQA sites and popularity of a CQA site has no direct correlation on an-
swer quality. Harper et al. study answer quality indicators on three CQA sites - Google Answers,
AllExperts and Yahoo! Answers [68]. Their study shows that paid CQA sites perform better than
free CQAs but these free CQAs have considerable variance in answer quality. Overall, all CQA
sites were primarily driven by a set of motivated community contributors. Yao et al. perform an
empirical study on the quality of answers on Stackoverflow [134]. Their empirical results show
that answer quality on Stackoverflow has a positive correlation with question quality. Yao et al.

10zhidao.baidu.com
11http://askville.amazon.com/Index.do
12http://wiki.answers.com/
13http://en.wikipedia.org/wiki/Wikipedia:RD
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perform an empirical study on the quality of answers on Stackoverflow [134]. Their empirical
results show that answer quality on Stackoverflow has a positive correlation with question quality.

Research Gap – Question Quality?
However, all the previously discussed approaches focus on answer quality on large scale CQA
websites. Question quality is paramount because prior work shows that answer quality directly
depends on question quality [134]. Low quality questions have a direct impact on user experience,
question retrieval, question recommendation and hence, it is important to maintain high question
quality [93]. Quality control of content on such large scale community driven collaborative systems
is a research challenge [27]. Questions and answers form an integral part of any CQA website and
therefore, it is important to have quality checks in place for both questions and answers.14 Li et
al. analyze factors affecting question quality and propose a Mutual Reinforcement-based Label
Propagation approach to predict question quality in Yahoo! Answers [87]. To the best of our
knowledge, this is the only study on question quality in CQA sites. Our literature review suggests
a gap in understanding about quality of questions on CQA websites. In this thesis, we attempt to
address this gap and provide perspective on quality of questions on Stackoverflow.

Why study StackOverflow?
Stack Overflow is a popular collaborative Q&A website used by programmers all over the world
to seek answers to programming related questions [93]. Stack Overflow is a free and open web-
site and has 2M+ registered users with 7.1M questions and 12M answers. The underlying theme
of Stack Overflow is programming-related topics and the target audience are software develop-
ers, maintenance professionals and programmers. Besides being a question-answer website, Stack
Overflow has evolved into a knowledge base for programming related tasks [30]. Therefore, Stack
Overflow has attracted increasing attention from different research communities like software en-
gineering, human computer interaction, social computing and data mining [32, 38, 43, 101, 105].
Researchers have mined the Stack Overflow knowledge-base to extract unique insights for various
core and ancillary programming tasks like building crowd sourced API documentation, API usage
obstacles, innovation diffusion via URL link sharing, mobile development issues, improvement of
bug tracking systems and programming topic trends [38, 48, 65, 88, 92, 103, 131].

Nasehi et al. analyze questions on Stack Overflow to understand the quality of a code exam-
ple [96]. They find nine attributes of good questions like concise code, links to extra resources and
inline documentation. Wang and Godfrey analyze iOS and Android developer questions on Stack
Overflow to detect API usage obstacles [131]. They used topic models to find a set API classes
on iOS and Android documentation which were difficult for developers to understand. Asaduzza-
man et al. analyze unanswered questions on Stack Overflow and use a machine learning classi-
fier to predict such questions [33]. They observe certain characteristics of unanswered questions

14http://meta.stackoverflow.com/questions/252506/question-quality-is-dropping-on-stack-overflow?

cb=1
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which include vagueness, homework questions etc. Allamanis and Sutton perform a topic model-
ing analysis on Stack Overflow questions to combine topics, types and code [28]. They find that
programming languages are a mixture of concepts and questions on Stack Overflow are concerned
with the code example rather than the application domain. Stackoverflow has made its entire data
publicly available for research purposes. Considering the structure, content and availability of data
Stackoverflow is a very good potential testbed to perform our experiments.

2.3 Content Quality Systems
Quality maintenance is an important process in software maintenance. During the process of soft-
ware maintenance, professionals browse the web to search for solutions or create specific road
maps [40, 140]. The web has become a valuable assistant for software maintenance. However,
currently maintenance engineers need to switch context between the Internet and software main-
tenance tools like Issue Tracking Systems for their daily tasks. In this thesis, we look at ways to
bridge such a switch of context by building systems to allow integration of Internet tasks with the
maintenance toolbox. We posit that integrating such systems will drive maintenance profession-
als to contribute better content thus, enhancing content quality. We build on our research from
the previous part of the thesis to identify two daily work flows in order to develop these systems.
Concretely, we look at two critical resources used by maintenance professionals – (1) Code De-
velopment Environment and (2) Web browsing references aka URLs. In this section, we review
literature for quality enablers during the software maintenance process.

Systems for Code Development Environment and Web Search Integration
Bacchelli et al. describe an Eclipse plug-in called as Seahawk which integrates Stackoverflow with
Eclipse Integrated Development Environment (IDE) [35]. Their work is motivated by the need of
seamlessly accessing Stack Overflow data within the IDE so that there is no context switching
between the IDE and Stack Overflow website. Seahawk Eclipse plug-in has a feature that allows
developers to search and retrieve Stack Overflow Q&A within the IDE and also link Stack Overflow
discussion threads to the source code loaded within Eclipse [35]. Cordeiro et al. propose a sys-
tem which integrates Eclipse IDE (Integrated Development Environment) and Stackoverflow.com
(Q&A web resource) [51]. They describe a prototype (implemented as an Eclipse Plug-In) which
monitors occurrences of exception stack traces in Eclipse console view and automatically searches
a Q&A website (by providing keywords from the exception stack traces) to retrieve results ranked
according to the information need (derived from the stack trace). Cordeiro et al. experiments with a
context-based recommendation approach and demonstrates that the proposed solution outperforms
a simple keyword-based method [51].

Brandt et al. believe that integration of code editors and search tools has significant value and
describe a tool called as Blueprint which is implemented (integrating web search) as an exten-
sion to a development environment [44]. Their system Blueprint (accessing online example code
from within the development environment) is integrated with Adobe Flex Builder, uses Adobe

16



2.3. Content Quality Systems

Community Help search API and indexes Flex-specific content. They present experimental results
which demonstrates that a integration of development environment with web-search is helpful for
the programmers (users were able to search relevant example code considerable faster in contrast
to searching information through a standard browser as a separate standalone application) [44].
Goldman present a system called as Codetrail that connects the Eclipse IDE and Firefox Web
Browser motivated by the need to integrate web resources into the programming workflow and
into the project itself [63]. Codetrail automates some of the manual interactions of developers with
web resources and consists of features such as automatic detection and connection of documenta-
tion, creation of links, or bookmarks, from code in the development environment to relevant web
sites [63]. Hartmann et al. describe a IDE extension called as HyperSource that tracks developers
activities in the IDE (such as source code edits) and associates web-pages with the code-edits [69].
HyperSource associates browsing histories with source code edits and displays sets of Web pages
that were read while code was edited [69]. Sawadsky et al. describe a tool called as Fishtail which
is implemented as a Eclipse IDE plug-in to support programmers in discovering code examples
and documentation on the web relevant to their current software engineering task [112].

Systems for Discussions in Issue Tracker and Software Forums
Gottipati et al. present a method to infer semantic tags (answers, clarifying answers, clarifying
questions, positive and negative feedback) of comment posts in software forum threads and ex-
ploit the inferred tags to retrieve relevant answer posts from a give query [67]. Dit et al. present
a method to automatically make connections between new comments and previous comments.
The system also recommends comments to a user based on their comments (improving readabil-
ity) [55]. Lotufo et al. propose a system (called as BugBot) that promotes information instead of
conversation and shows the effectiveness of the approach using empirical analysis [90]. Solution
approaches and techniques for bug report summarization have been proposed in the past [106, 91].
Lotufo et al. present a bug report summarization approach (estimates the attention a user would
hypothetically give to different sentences in a bug report, when pressed with time) to facilitate
bug report digestion [91]. Software maintenance process also involves Internet search to look at
information to help daily tasks.

The study by Correa et al. reveals that discussion forums on issue tracking systems contain
links to several Web 2.0 platforms, web applications and social media websites. They present a
recommendation algorithm to retrieve relevant Q&A artifact from StackOverflow motivated by
the need to facilitate developers find relevant discussion (on a Q&A website for programmers)
to a given issue report [54]. Brandt et al. propose a system called as Blueprint which integrates
code editors with search tools [44]. Gomez et al. conduct a study of innovation diffusion through
link sharing on StackOverflow (a popular community driven Q&A website) [64]. Their study
reveals that link sharing (such as official documentation, blog post, Q&A post, Wiki, forum post
and code repository) is a significant phenomenon on StackOverflow and discover that developers
disseminate software development innovations by sharing URLs with other developers [64].
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Research Gaps
Based on our literature survey, we find two research gaps with respect to the objectives of our
thesis.

Integration of Issue Tracking Systems with CQA

Zagalsky et al. describe a code search and a recommendation tool called as Example Overflow
which mines information present in Stack Overflow (Q&A website for programmers) [135]. Their
work is motivated by the need to minimize context switch between development environment and
code-search tools. They perform a case-study on jQuery related Q&A and prove the effectiveness
(relevance of search results and number of context switches required) of code example search from
Stack Overflow [135]. Our survey shows that StackOverflow is also used by developers during the
software maintenance process [54]. Therefore, we aim to build a system to integrate CQA sites
with Issue Tracking Systems to act as an quality enabler during the software maintenance process.

Web or URL Reference Management in Issue Tracking Systems

The study by Fourney et al. reveals that askers and answerers of technical forum questions typi-
cally conduct extensive online research before composing their posts and develop a tool called as
CiteHistory (a web-browser plugin) that simplifies the process of including relevant search queries
and URLs as bibliographic supplements to forum posts [57]. Our analysis reveals that developers
browse the web and share links in Issue Tracking Systems [52]. Therefore, we build a browser
plugin – Samekana – to ease the process of managing references during bug fixing and feature
enhancement tasks.

2.4 Information Retrieval Enhancement
There have been various studies on quality maintenance in social media. We look at prior literature
on social media with respect to quality enabling search and mining user generated content. Con-
cretely, we review literature on two core aspects of social media which helps effective information
retrieval – (i) social network interactions and (ii) tag annotations on shared media.

Community Discovery on Social Media
Over the past decade, community detection has attracted research attention all over the world.
Various algorithms have been proposed to address issues in this area. Santo and Fortunato have
performed an in-depth survey in the problem of community detection in graphs [111]. Tscherteu
and Langreiter propose a heuristic based “bottom-up” snowball algorithm to detect topic-centric
communities on Twitter [128]. Recently there have been many approaches to combine content
and link structure for community detection on social networks [104, 109, 133]. Pathak et al.
demonstrate a Community-Author-Topic (CART) Bayesian generative model which combines link
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and content for community extraction [104]. Yang et al. demonstrate a split approach which uses a
conditional model for links in a network and discriminative model for the content [133]. Sachan et
al. propose Topic User Recipient Community Model (TURCM) which uses a generative process
based on the number of messages sent between users in the social network and the content being
discussed [108, 109].

Tag Recommendation on Social Media
Previous studies describe techniques for automatic tag annotation[60, 114, 115, 116], classification[100],
clustering[39] and refinement [89][139] in various social media services like bibsonomy, online
bookmarks, images, songs and videos. Overell et al. present a generic method for classifying tags
into semantic categories using third party open content resources, such as Wikipedia and the Open
Directory apply their system for classifying Flickr tags [100]. Zhao et al. present a method to
annotate web videos by performing experiments on cross sources (annotating Google and Yahoo!
videos using YouTube videos) [136]. Stewart et al. present a method for cross-tagging where tags
from one social system are recommended in order to automatically annotate resources in another
social system. They perform experiments on Blogger (blogging site) and Last.fm (a social music
site) [117].

Research Gaps
In context to community discovery and tag recommendation, we identify research gaps in prior
literature.

iTop – Interaction Based, Local Community Discovery

Our approach takes a new direction to community detection on social networks with respect to
these previous approaches. Previous algorithms require the complete graph to be loaded into
memory for community detection [104, 109, 133]. iTop snowballs from a true-positive seed on
a topic and discovers concentric communities based on a structural objective function (local mod-
ularity). iTop targets application scenarios which need an effective way to find communities around
a specified topic. For example, a digital marketing team for a company X would like to know the
communities around X and not around other unrelated topics. Moreover, with the advent of Big
Data, there has been a rise in, On Demand data services like Data Sift 15 which have a pay-as-
use policy to access their data. Previous approaches to detect topic-centric communities around
Twitter do not take these factors into account while developing their solutions. In contrast, iTop
takes an input topic and discovers concentric communities around these nodes and avoids visi-
tation to nodes and content in the social network which are not of interest for our input topic.
Such an approach would reduce computational and data costs and greatly benefit security analysts
working at law enforcement agencies and digital marketing analysts to find pertinent communi-
ties of their interest. In addition, we take into account heterogenous relations between users like

15http://datasift.com/
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Retweet, Replies and Mentions while discovering these communities. Previous approaches use an
explicit link (follower) in the social network or limited user interaction to define the social graph
of the network [108, 109]. However, we incorporate multiple interactions like retweets, replies and
mentions and form a directed weighted graph by the frequency of their interaction to perform our
experiments.

Mining Tweets for Tag Recommendation

Tags play an important role in search and retrieval in multimedia systems. However, tags are
user supplied and these tags may be incomplete, missing or irrelevant. Therefore, it is important
to develop automatic algorithms to ensure tag quality. In this work, we develop a complementary
technique to recommend tags on social media. Concretely, the proposed method consists of mining
tweets to semantically enrich web-resources on image, video and audio sharing websites. We per-
form experiments on data crawled from Twitter and Flickr, Photobucket, Dailymotion, YouTube,
SoundCloud. Experimental results demonstrate that a Wisdom of Crowd mashup framework can
be an effective solution for tag recommendation.

2.5 Conclusion
In this chapter, we reviewed literature according to the objectives of our thesis in three areas – (1)
Low Quality Content on CQA sites, (2) Content Quality Systems for Software Maintenance Tasks
and (3) Information Retrieval Enhancement on Social Media. We also discussed research gaps in
each of the three dimensions in context of the contributions of this thesis. With this background, we
now move on to the next chapters which detail on concrete solutions to address these research gaps
with experiments and results. The first two chapters address low quality content on CQA sites
and the next two chapters look into building systems and techniques to enhance quality during
the software maintenance process. The subsequent two chapters look into enhancing information
retrieval algorithms on social media. Figure 2.1 shows the overview of our three pronged approach
to look into the problem of content quality on Web 2.0 services.
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Figure 2.1: shows the overview of our three pronged approach to look into the problem of content quality on
Web 2.0 services
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Chapter 3

Closed Questions on StackOverflow

Analysis and detection of low quality content on Web 2.0 services is a research challenge. In
this chapter, we make the first attempt to address the problem of low quality questions on CQA
websites. Concretely, in this chapter we look at one type of low quality questions on Stackoverflow
– closed questions. We perform an in-depth study of closed questions on Stackoverflow and build
a system to detect a closed question at creation time.

3.1 Introduction

Research Motivation and Aim
Stack Overflow guidelines clearly outline categories of questions which are deemed unfit for its
Q&A format. Opinion-based questions and questions which have a tendency to generate dis-
cussions rather than answers are categorically considered inappropriate. Some examples of such
questions include (but not limited to) homework questions, product or service recommendations,
non-programming related and polls. Questions on Stack Overflow which do not fall into one of
the pre-defined set of guidelines are marked ‘closed’ via a community-based voting system. A
question can be marked as ‘closed’ for five reasons – duplicate, off-topic, subjective, not a real
question and too localized. Section 3.2 contains a detailed discussion on the procedure to mark a
question ‘closed’ and its sub-categories. Figure 3.1 shows an example of a ‘closed’ question on
Stack Overflow on account of being Too Localized.

A question is primarily marked ‘closed’ either due to low quality or due to irrelevance to the
Stack Overflow CQA platform. The decision to ‘close’ a question lies completely on the shoul-
ders of experienced users and community moderators via a systematic voting process. Due to
exponential growth of Stack Overflow user base, there has been a steady increase in the work-
load on moderators. The process of marking a ‘closed’ question also requires multiple context
switches [25]. Despite the existence of vibrant experienced users and self-motivated community
moderators, Stack Overflow faces a continuous ongoing challenge to maintain quality of ques-
tions on their website. Therefore, it is important to analyze and study the phenomena of ‘closed’
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Figure 3.1: shows a screenshot of question marked ‘closed’ on Stack Overflow on account of being Too Localized.

questions in order to gain historical insights which can help make the future plan-of-action.
The goal of Stack Overflow is to have a knowledge base of question-answers on programming

related topics. A ‘closed’ question is a direct feedback to the question asker that her question may
be unfit or needs improvement in its current form. A system to predict a ‘closed’ question at post
creation time can serve as an early feedback mechanism on question quality to the question asker.
Such a system would also help community moderators to identify and mark ‘closed’ questions.
Therefore, prediction of a ‘closed’ question at post creation time has two distinct benefits

1. Early feedback mechanism to the question asker which would serve as an indicator that her
question may be deemed unfit for Stack Overflow Q&A format

2. A complementary mechanism to aid community moderators in their daily moderation tasks
to ‘close’ unfit questions

In this work, we present the first study of ‘closed’ questions on Stack Overflow. We down-
load 4 years of publicly available data which contains 3.4 Million questions. We first analyze and
characterize the complete set of 0.1 Million ‘closed’ questions. Next, we use a machine learning
framework and build a predictive model to identify a ‘closed’ question at the time of question
creation. One of our key findings is that despite being marked as ‘closed’, subjective questions
contain high information value and are very popular with the users. We observe an increasing
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trend in the percentage of closed questions over time and find that this increase is positively cor-
related to the number of newly registered users. In addition, we also see a decrease in community
participation to mark a ‘closed’ question which has led to an increase in moderation job time. We
also find that questions closed with the Duplicate and Off Topic labels are relatively more prone
to reputation gaming. Our analysis suggests broader implications for content quality maintenance
on CQA websites. For the ‘closed’ question prediction task, we make use of multiple genres of
feature sets based on - user profile , community process, textual style and question content. We use
a state-of-art machine learning classifier based on an ensemble framework and achieve an overall
accuracy of 70.3%. Analysis of the feature space reveals that ‘closed’ questions are relatively less
informative and descriptive than non-‘closed’ questions. To the best of our knowledge, this is the
first experimental study to analyze and predict ‘closed’ questions on Stack Overflow.

3.2 ‘Closed’ Questions on Stack Overflow
In this section, we discuss details on who, how and why questions are closed on Stack Overflow. We
also briefly outline what happens once a question is ‘closed’ and mention the community process
rules to mark a question as ‘closed’. Figure 3.2 summarizes the details of important aspects of
‘closed’ questions on Stack Overflow.

What is a ‘closed’ a question?

A question can be ‘closed’ on Stack Overflow if it is deemed unfit for its Q&A format [12]. A
‘closed’ question can not be answered but edits on previously posted question-answers and com-
ments are permitted (subject to appropriate edit privileges). Question-answers can also be voted
upon and are counted towards reputation points of users as well as badges.

Who can ‘close’ a question?

Experienced users and community moderators can cast a vote to ‘close’ a question. Stack Overflow
users with 3,000+ reputation points and community moderators (also called _ moderators) can
vote for the same. In addition, users with at least 250 reputation points can vote to ‘close’ their
own question. The Who block of Figure 3.2 corresponds to the aforementioned details.

How are questions ‘closed’ ?

A question is automatically marked ‘closed’ if it receives 5 ‘close’ votes. However, _ moderator
‘close’ votes are final and binding i.e. if a _ moderator decides to cast a ‘close’ vote the question
is ‘closed’ immediately [21]. One can only vote once to ‘close’ a question. The How block of
Figure 3.2 corresponds to this process.
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Why are questions ‘closed’?

According to Stack Overflow guidelines, a question is ‘closed’ on Stack Overflow if it falls into
one of the following five categories [12]:

1. Exact Duplicate – contains similar content to previously posted questions

2. Off Topic – unrelated to programming scope as defined by Stack Overflow

3. Subjective (Not Constructive) – more likely to generate debates, discussions instead of
answers

4. Not a Real Question – ambiguous, vague questions which do not have answers

5. Too Localized – relevant to a very small geographic location, software or community

The Why block of Figure 3.2 corresponds to this section.

What happens to a ‘closed’ question?

A ‘closed’ question can be ‘reopened’ if the question is improved from its current form. The
‘reopen’ voting procedure is similar to the ‘close’ procedure. However, if the questions are very
poor in quality and beyond improvement, then they are deleted from Stack Overflow [12]. The
What block of Figure 3.2 corresponds to this section.

3.3 Characterization Study of ‘Closed’ Questions
In the first part of our work, we perform a characterization study of ‘closed’ questions on Stack
Overflow.

Dataset Description
Stack Overflow provides all user-generated content on its website for download under the Creative
Commons Attribute-ShareAlike license [34]. We download Stack Overflow website data from the
Stack Exchange August 2012 data dump provided by Stack Overflow which contains all data
between July 31st, 2008 (the genesis of Stack Overflow) to August 31st, 2012 [22]. Table 3.1
outlines basic statistics for Stack Overflow August 2012 dataset used in our characterization study.
The statistics show that Stack Overflow is a very popular programming CQA with 1.29M registered
users, 3.4M questions and 6.8M answers.

In this work, we concentrate on ‘closed’ questions on Stack Overflow i.e. questions which are
deemed unfit and therefore low quality given the context. We extract all questions from the dataset
which have been marked ‘closed’ at least once. We find that approx. 3% (0.1 Million) questions
are marked ‘closed’ on Stack Overflow between August 2008 to August 2012. We use this data of
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Figure 3.2: depicts who, how and why questions are marked ‘closed’ on Stack Overflow.

Table 3.1: Stack Overflow August 2012 dataset statistics

Users 1.29M (625k askers, 443k answerers)
Questions 3.4M (62.21% with accepted answers)
Answers 6.8M (31.33% marked as accepted)
Votes 27.5M (72.35% positive, 6.81% favorites)
Ratio of Answers

2.16
to Questions

102,993 ‘closed’ questions to conduct our characterization study and report our findings. Table 3.2
contains details on ‘closed’ questions in Stack Overflow. 1

Based on the data, we can make two observations – (1) Stack Overflow maintains a very good
signal-to-noise ratio as reported in previous work [93] and (2) Despite the presence of vibrant
community and structured guidelines, users do post questions which are unfit for the website. A
question can be closed on Stack Overflow for five reasons - duplicate, off-topic, subjective, not
a real question and too localized. Figure 3.3 shows a pie-chart which depicts the distribution of
‘closed’ questions on different sub-categories or reasons. Not a Real Question and Duplicate cate-
gories are the most common reasons to close a question while Too Localized is the least common
reason.

1Prior to June 2011, ‘Close Votes’ expired 4 days after their cast and are deleted from the dataset published by
Stack Overflow. This information is available only if a question is closed successfully.
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Table 3.2: Statistics of ‘Closed Questions’ in Stack Overflow from August 2008 to August 2012.

2008 2009 2010 2011 2012 Total
Closed 3.8% 1.52% 1.77% 3.33% 3.82% 102, 993
Questions (2.98%)
Closed 0.03%3 0.25%3 0.75%3 2.21% 3.9% 570,4183

Votes (0.2%)
Ratio of
Answers to 8.0 5.93 3.11 1.92 1.55 1.92
Questions

Temporal Distribution Analysis
We analyze the presence of ‘closed’ questions on Stack Overflow over a 48-month time window
between August 2008 to August 2012. Figure 3.4 depicts the ratio of ‘closed’ questions to total
questions over this time period. Overall, we find an increasing trend of the percentage of ‘closed’
questions in each category i.e. we find that the number of questions ‘closed’ over time has an
upward curve. We also see that the most common categories of ‘closed’ questions over 48-months
are Exact Duplicate and Not a Real Question. Both these categories dominate in presence over
the others across time. We perform qualitative analysis of some sample questions in our dataset to
understand this pattern. The high ratio of the Exact Duplicate category may be due to the problem
of question retrieval on Stack Overflow i.e. users are unable to efficiently locate questions which
are similar to the actual problem they are faced with. The presence of such a high ratio may also be
due to lethargic users who do not perform adequate searches before posting a question. Similarly,
the high percentage of Not a Real Question category may be due to newly registered users who are
yet to understand the scope, structure and guidelines of Stack Overflow. Overall, we see a sharp
increase in the ratio of ‘closed’ questions after January 2011.

Effect of New Registered Users
Questions are marked ‘closed’ on Stack Overflow if they are considered unfit for its Q&A format.
Intuitively, newly registered users on the website may be indolent to existing guidelines and may
ignore them in their anxiety to get a solution to a problem. Therefore, we try to understand the
impact of newly registered users on the presence of ‘closed’ questions on Stack Overflow over time.
Figure 3.5 shows the distribution of – (1) number of newly registered users and (2) percentage of
‘closed’ questions on Stack Overflow – over a 48-month period between August 2008 to August
2012. In addition, it also depicts the corresponding Pearson Correlation Coefficient (PCC) between
the two distributions (cumulative) at each time interval. PCC calculates the linear dependence
between two distributions and outputs a value between +1 (positive correlation) to -1 (negative
correlation). Figure 3.5 shows a high correlation between the number of newly registered users
and percentage of closed questions. We stress that the calculated correlation coefficient is between
new registered users and the percentage of closed questions (and not the total number of closed
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Duplicate

29.3%

Off Topic

17.7%

Subjective

15.9%

Not a Real Question

31.0%

Too 
Localized

6.1%

Figure 3.3: shows the distribution of all five sub-categories of closed questions in our dataset.

questions) over time. The PCC value is +0.95 which indicates a very high correlation between the
distributions with an extremely high confidence interval (p-value < 0.01). The PCC shows that
newly registered users may have an immediate impact on low quality content. Here too, we find a
sharp rise in PCC after January 2011.
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Figure 3.4: shows the temporal distribution plot of the ratio of ‘closed questions’ to total questions over a
48-month period between August 2008 to August 2012 for each sub-category.

Community Participation
Stack Overflow follows a well defined community based voting procedure to evaluate a question
before closure. We analyze these voting patterns to understand community participation of experi-
enced users and community moderators to weed out low quality content on the website. We recall
that users with 3,000+ reputation points and _ moderators can cast a vote to close a question. A
question is automatically ‘closed’ if it reaches 5 votes but a vote from a _ moderator is binding
and hence, immediately closes a question. Therefore, a question can be closed with any number of
‘close’ votes between 1 to 5. Figure 3.6 shows the temporal distribution of ‘close’ votes on Stack
Overflow between August 2008 to August 2012. Table 3.3 shows the distribution of number of
‘close votes’ on closed questions. A significant percentage(≈27%) of questions are closed due to a
single _ moderator vote. More than 40% of questions require _ moderator intervention to close a
question. We also observe a rise in the percentage of questions being closed only by _ moderators
over time. Simultaneously, we see a decrease in percentage of questions being closed by experi-
enced users viz. users with 3,000+ reputation points. This shows that community participation to
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Figure 3.5: shows the temporal distribution plot of the percentage of ‘closed questions’ and newly registered
users over a 48-month period from August 2008 to August 2012. In addition, the figure also shows correlation
between both distributions.
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close questions is on a decline which has led to an increase in work load for _ moderators on this
front. A _ moderator on Stack Overflow has also confirmed an increase in moderation work load
over the years [25]. Stack Overflow has only 16 _ moderators for their website out of which 13
have been elected and 3 have been appointed [23].

Table 3.3: shows the ‘Close Vote’ Distribution on ‘Closed’ questions posted between August 2008 and August
2012. 45% questions have at least one _ moderator vote and 26.5% of questions are closed by a single _
moderator vote.

Votes Closed Questions
1-vote 27,390 (26.59%)
2-votes 9,037 (8.77 %)
3-votes 5,436 (5.28%)
4-votes 4,030 (3.91%)
5-votes 57,117 (55.44 %)
Total 102,993

We now analyze the ‘close vote’ patterns across each category of closed questions. Figure 3.7
shows the ‘close vote’ distribution for each sub-category of closed questions on Stack Overflow
between August 2008 to August 2012. We see a strong community participation on Duplicate,
Off Topic and Not a Real Question categories. On the other hand, Subjective and Too Localized
categories require a high amount of _ moderator intervention. We argue that the community
participation behavior may be so because Duplicate, Off Topic and Not a Real Question questions
are low hanging fruits and easy to detect. The Subjective category sees an equal community and
_ moderator participation. The Too Localized category sees a higher _ moderator intervention.
Since, the presence of this category is very low in our dataset, such behavior may be primarily due
to low traction owing to the difficulty of identification of such questions during normal daily usage
of the website.

Content Analysis
We now characterize the content of ‘closed’ questions on Stack Overflow based on question tittle,
question content, code snippets and topics.

Question Title, Body and Code Snippet

Since, ‘closed’ questions are unfit for Stack Overflow – the presence or absence of code snip-
pets may reveal insights about ‘closed’ questions. Overall, ≈ 31% of ‘closed’ questions contain
code snippets and hence, questions are ‘closed’ even if they contain source code. We analyze the
presence of code snippets across each category to check if there are relative differences across cat-
egories. Figure 3.8 (left-top) shows the percentage of questions which contain code snippets for
each category. We find that Too Localized and Exact Duplicate category contains a large number of
questions which have code snippets in them. The Exact Duplicate category by definition contains
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Figure 3.6: shows the temporal distribution of ‘close votes’ in closed questions over a 48-month period from
August 2008 to August 2012. We observe that a high percentage of questions are closed due to a single _
moderator vote.

duplicate information to an existing question which may explain the high number. On the other
hand, Too Localized category by definition contains questions which are programming-related but
are confined to a small community and hence, the higher percentage of questions which contain
source code. We see that the Subjective category contains the lowest percentage of questions con-
taining source code. This could be probably because questions in this category are open-ended and
invite discussions rather than an answer to a specific problem.

Figure 3.8 also shows the character length distribution of question title, body as well as the
distribution of number of tags in form of a box-and-whisker plot. The top-right box plot shows
that questions in the Exact Duplicate and Not a Real Question categories have lesser number of
tags associated with it. The Exact Duplicate category may exhibit such a behavior due to user
lethargy while questions belonging to the Not a Real Question category may be so as by definition
the question marked with this label are non-programming related. A minimum of 1500 reputation
points are required to create new tags on Stack Overflow [6]. The bottom left and bottom right
box plots show the distribution of question title and question body lengths respectively. We do not
observe a major difference in the length distributions either in title or body between categories.
Both distributions are skewed i.e. there are may outliers (red points on the box plot) and the
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Figure 3.7: shows the ‘close vote’ distribution for each sub-category for all closed questions between August
2008 to August 2012. At least 1 out of 5 questions in each category are closed by a single _ moderator vote.

medians are approximately similar. However, in both of these distributions we once again see that
the Not a Real Question has the lowest median value which indicates that questions belonging to
this category are a clear misfit to the Stack Overflow Q&A format even in terms of content.

Question Topics

Each Stack Overflow question has some tags associated with it which is an identification of the
topic of the question content. We analyze frequently occurring tags in ‘closed’ questions and
bucket them into categories. Table 3.4 shows popular tags in ‘closed’ questions according to dif-
ferent categories. We see that popular tags on ‘closed’ questions are similar to those found overall
on Stack Overflow.

We now analyze if ‘closed’ questions contain certain topics which are unique to their category
viz. tags which relatively occur more frequently in ‘closed’ questions than otherwise. In order to do
so, we normalize the occurrence of tags in ‘closed’ questions by calculating the Normalized Tag
Ratio (NTR) for each tag. Let TCQ be the set of all tags in ‘closed’ questions on Stack Overflow,
and TNCQ be the set of all tags in non-‘closed’ questions. We add the ε factor (=2.2×10−16) for
smoothing purposes. Then,
∀ti ∈ TCQ where ti ∈ {t1 . . . tn}, Ri

CQ =
count(ti)∑n

i=1 count(ti)
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Figure 3.8: shows the percentage of code snippets in each sub-category and character length distributions of
question title, body as well as the distribution of number of tags in form of a box-and-whisker plot.(ED = Exact
Duplicate, OT = Off-Topic, ST = Subjective, NRQ = Not a Real Question, TL = Too Localized)

Table 3.4: Popular Tags in Closed Questions

Type Tags
Languages java, c++, python, c, perl, r, . . .
Web2.0 php, html5, html, css, javascript, . . .
Operating Systems iOS, unix, android, osx, windows, . . .
Social Facebook, wordpress, google, . . .
Miscellaneous books, interview-questions , homework, . . .

∀t j ∈ TNCQ where t j ∈ {t1 . . . tm}, R j
NCQ =

count(t j)∑m
j=1 count(t j)

∴ ∀ti ∈ TCQ NTRti =
Ri

CQ

Ri
NCQ + ε

, (TCQ ∩ TNCQ , ∅)
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Figure 3.9 shows the tags with top 30 NTR in closed questions on Stack Overflow. We can
now see tags which are unique to ‘closed’ questions and find that these are quite different to the
most popular tags. We notice that most tags are non-programming related; for example working-
conditions, career-development, fun etc. We also notice that some of these tags are programming
related but are on broad topics like hidden-features, hints-and-tips and textbook. These tags are
usually attached to questions which require a discussion and may not focus on problem specific
solutions.
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Figure 3.9: shows the tags of closed questions on Stack Overflow with top 30 Normalized Tag Ratios (NTR).

Community Value and Information Quality
A ‘closed’ question is irrelevant to the Q&A format and hence, implicitly suggests that the question
may be low quality in context of Stack Overflow. Here, we analyze different indicators of content
quality like Favorite Votes, Closure Time, Question Scores and Answering Patterns and Question
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Status with respect to ‘closed’ questions.

Favorite Votes

Stack Overflow provides its users a feature to favorite a question. A favorite vote is an explicit
statement of approval by the user that she finds the question useful and appropriate. Table 3.5
shows the cumulative distribution of ‘favorite votes’ on overall closed questions. The data shows
that ≈ 19% of the overall ‘closed’ questions receive at least one favorite vote while ≈ 3% of those
receive ≥ 5 favorite votes.

Table 3.5: shows the ‘Favorite Vote’ Cumulative Distribution for all ‘Closed’ questions posted between August
2008 and August 2012. Approximately 1 out of 5 ‘closed’ questions have at least 1 ‘favorite’ vote and 3% have
at least 5 ‘favorite’ votes.

Votes Closed Questions
≥ 1 19,156(18.6%)
≥ 5 3,374(3.28%)
≥ 10 1,872(1.82%)
≥ 100 206(0.2%)
≥ 500 29(0.03%)
Total 102,993

However, features such as likes and favorite votes are known to be abused by users for purposes
other than their intended use. Therefore, we analyze favorite vote distributions on different thresh-
olds for all sub-categories of closed questions. Figure 3.10 shows the distribution of favorite votes
at different thresholds for each category of ‘closed’ questions. We see that the Subjective category
attracts a very high number of favorite votes from users. We perform a manual qualitative analysis
on these questions and notice that the Subjective category contains questions like Polls, Hidden
Features, Books, Tricks, Interview Questions and Open ended questions. Table 3.6 shows exam-
ples of questions in the Subjective category which have ≥ 100 favorite votes. Note that our analysis
in Section 3.3 showed that Subjective category had the lowest percentage of questions containing
code snippets. Therefore, despite the emphasis on objectivity and source code related questions by
Stack Overflow guidelines we see that some amount of programming related Subjective questions
are encouraged and appreciated by the community members.

Closure Time

We now analyze the time taken to ‘close’ questions on Stack Overflow. Figure 3.11 shows the
closure time distribution of ‘closed’ question for every sub-category. The median closure times for
Exact Duplicate, Off Topic and Not a Real Question is 6.93, 12.01 and 8.3 hours respectively.
Most questions in these categories are quickly turned towards closure which may signify that
their community value is relatively low than other categories. The Subjective and Too Localized
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Figure 3.10: shows the distribution of ‘favorite votes’ on closed questions for each sub-category on various
thresholds. Subjective category attracts very high number of favorite votes from users.

Table 3.6: Example questions with ≥ 100 ‘favorite votes’ on closed questions in subjective category.

Favorites Title Answers Views
5894 List of freely available programming books 112 569,199
2228 Hidden features of Python 100 212,589

1685
What is the best comment in source

519 1,051,784
code you have ever encountered?

421 Worst security hole you’ve seen? 163 32,840
140 What is the most useful R trick? 34 13,197

categories have the highest median closure time ≈ 26 and 22 hours respectively. The reason for
high closure time for the Subjective category could be because most questions (despite not being a
good fit) invite discussion and opinions on broad programming related principles, guidelines, polls
etc. Therefore, it takes time before these questions are answered in entirety and hence are left open
for a longer time. We also notice a higher spread of closure times (upper quartile=586.06 days) in
this category demonstrating that if a Subjective question is not closed within 1 day it takes a long
time to close the question. The community actions indicate that these questions have not reached
their maximum community value potential and hence remain open. Our prior analysis for ‘close
vote’ distribution for Too Localized category in Figure 3.7 shows that the 66% of the questions in
this category requires moderator intervention which may be one of the reasons for higher closure
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time. Even though Too Localized category has a similar median closure time (22.72 hours) to the
Subjective category very few questions require more than 6.71 days to close. This indicates that
questions in the Too Localized category, despite similar median closure time, reach their maximum
community value potential relatively earlier than those in Subjective category. We also find that
each category contains some outliers i.e. each category contains some questions which take a long
time to be marked as ‘closed’. Table 3.7 shows the close vote distribution pattern on questions with
outlier closure times in each category.

Exact Duplicate Off Topic Subjective Not a Real Question Too localized
Reason for Closing Question
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Figure 3.11: shows the distribution of time taken to close questions for each category in the form of a box-and-
whisker plot.

We see that all the outlier questions have a very high percentage of _ moderator intervention
on question closure time. This indicates that these questions are indeed outliers in terms of content
too as the community prefers to keep these questions open to reach their maximum community
value potential.
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Table 3.7: Number of Close Votes on outliers from each category

Category 1-vote 2-vote 3-vote 4-vote 5-vote
Duplicate 55.44% 11.68% 4.25% 2.18% 26.45%
Off-Topic 42.06% 16.21% 6.31% 3.47% 31.96%
Subjective 64.64% 16.66% 4.9% 2.26% 11.54%
Not a Real Question 46.97% 9.52% 6.28% 3.5% 33.74%
Too Localized 68.22% 11.85% 3.62% 1.86% 14.45%

Question Scores and Answer Patterns

Figure 3.12 shows various question scores and answer patterns on ‘closed’ questions in Stack
Overflow. We first look into the percentage of answers (PA), percentage of accepted answers
(PAA)2 and percentage of accepted answers given an answer (PAC) on each category of ‘closed’
questions on Stack Overflow. We see that a large percentage of ‘closed’ questions receive answers
from users. The Duplicate and Subjective categories also have a relatively higher PA and PAA
than other categories. The higher PA and PAA on Duplicate questions suggest that despite the
fact that the question content is an exact duplicate of others the community is eager to answer the
question. Such behavior may also be exhibited by answerers to garner more reputation points in
the form of answer votes and accepted answers. This may also explain why we see a very low
PAA in the Not a Real Question category as users are smart enough to pick questions which have
a higher probability of receiving up votes. Recall that our earlier analysis reveals that questions
belonging to the Not a Real Question category are low in information content quality. We also
analyze question score patterns on each category of ‘closed’ questions on Stack Overflow. We
calculate percentage of questions with negative score (QN), percentage of questions with ≥ 5
score (QT) and percentage of questions with zero score (QZ). We find that Not a Real Question
has the highest QN and once again indicates that questions in this category are very low in quality.
We observe a similar pattern for Too Localized category and may indicate that the community
in general frowns upon questions which are too confined to certain sections of the programming
fraternity. We see that Subjective category has a very high QT and this falls in line with our earlier
hypothesis that questions in this category despite being not fit to the website are immensely popular
and therefore, draws large number of votes. We see similar QZ values (between 30–50%) on all
categories of ‘closed’ questions which demonstrates that some questions do not get any approval
from the community. We would like to comment that we do not observe any familiar statistical
distributions like power-law on any of these question scores and answer patterns.

Question Status Apart from being marked as ‘closed’, a Stack Overflow question can also be
given a locked, community wiki and protected label. Table 3.8 shows the distribution of ‘closed’
questions with a locked, community wiki and protected label. A locked question can not receive
any new answers or any form of votes on question-answers. A question is primarily locked by

2A question asker can mark an answer accepted if the answer solves the problem faced by the question asker.
Accepted answers lead to gain in reputation points to answerers.
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Figure 3.12: shows the question scores and answering patterns of users on closed questions in each category.
PA = Percentage of Answers, PAA = Percentage of Accepted Answers, PAC = Percentage of Accepted An-
swers given that a ‘closed’ question has an answer, QN = Percentage of Questions with Negative Score, QT =

Percentage of Questions with ≥ ‘t’ Score (t=5), QZ = Percentage of Questions with Zero Score.

_ moderator to prevent gaming or abuse of the system by users to garner reputation points [18].
We observe that Exact Duplicate and Off Topic categories are most prone to reputation gaming
and therefore, marked as locked. A community wiki label is an intent to ‘donate’ and transfers
ownership of the question from the asker to the community. The goal of Stack Overflow is to be a
knowledge base of programming information and therefore community wiki posts play a significant
role in achieving that goal [17]. We see that questions from the Subjective category contain a high
number of community wiki donations. We hypothesize that this would be due to the nature of
subjective questions as these contain discussions, opinions on programming topics which may be
“never ending” (philosophical rather than factual). A protected label is an intent to prevent noisy
answers like “Thank You”, “+1” from new users who may not understand the guidelines of the
forum. A protected label prevents newly registered users from answering these question [20].
Once again we see that a high percentage of questions from Subjective category are marked as
protected. This demonstrates that Subjective questions are very attractive and “fun” questions to
users although they may not fit into the Stack Overflow guidelines.
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Table 3.8: shows the distribution of ‘closed’ Questions in the Stack Overflow with labels locked, community wiki
and protected.

Number of ‘Closed’ Questions
Category Locked Community Wiki Protected
Exact Duplicate 732(33.8%) 160(9.9%) 36(10.3%)
Off Topic 1180(54.5%) 273(16.8%) 70(20.1%)
Subjective 188(8.7%) 978(60.3%) 202(58%)
Not Real Question 50(2.3%) 192(11.8%) 28(8%)
Too Localized 114(0.6%) 10(0.6%) 12(3.4%)
Total 2,264 1,613 348

Characterization Summary
We now summarize key findings from our characterization study.

• We see an increasing trend in the percentage of ‘closed’ questions over time – in particular
Exact Duplicate and Not a Real Question – with a steep rise after January 2011

• We find a positive correlation with a high confidence value between new registered users and
the percentage of ‘closed’ questions

• We observe a decrease in community participation to mark a question as ‘closed’ over time
which has probably led to increase in work load for _ moderators

• Popular tags on ‘closed’ questions are very similar to overall questions but tags unique to
‘Closed’ questions are vague and non-programming related

• Questions from the Subjective category do not follow the Q&A format but are very popular
and have high community value. They also take relatively longer time to be marked as
‘closed’. Questions from the Not a Real Question category take least amount of time to be
closed and are low in community value.

• Despite a very high percentage of presence of source code, questions in Too Localized are
not very popular in the community

• Exact Duplicate and Off Topic questions are relatively more attractive to reputation gamers

Broader Implications
Our characterization study on Stack Overflow also reveals broader implications for content quality
on other CQA websites. The intricate procedures like voting, moderation etc. laid down by the
Stack Overflow community helps keep low quality content to the minimum (we recall that only 3%
questions are marked ‘closed’). These procedures can be an important data point for other CQA
websites to adopt and adapt. We observe that most low quality content on Stack Overflow is posted
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by newly registered users. Therefore, an early feedback mechanism to newly registered users can
help with their website interaction and encourage them to post better quality content. We see that
the strict adherence to guidelines by the community members leads to content being flagged for
moderation despite being popular. Our analysis of ‘closed’ questions marked as subjective shows
that popularity of content is not a defining factor of quality. Therefore, adherence to guidelines
(and not content popularity) is a significant factor for content quality maintenance.

3.4 ‘Closed’ Question Prediction
In the second part of our study, we build a predictive model to automatically detect a ‘closed’
question on Stack Overflow. We formulate the prediction of ‘closed’ questions on Stack Overflow
as a binary classification task.

Features for Classification
We investigate 18 features based on User Profile, Community Process, Question Content and Tex-
tual Style for our prediction task. Table 3.9 shows different categories of feature sets used by our
system for ‘closed’ question prediction. User Profile features are based on user’s participation ac-
tivity while Community Process features are based on Stack Overflow community contributions in
the form of votes, accepted answers etc. Question Content features are calculated by extracting the
content from questions and Textual Style features characterizes the writing and posting style of the
question asker. It is important to note that there may be other distinguishing features for ‘closed’
questions (for example - answering patterns) but the aim of the study is to predict a ‘closed’ ques-
tion at its creation time. Hence, we can not make user of these features for our predictive model.
The reputation of the user at question creation time is an excellent feature by intuition however,
this data is not made available by Stack Overflow. Therefore, we use Community Process features
to offset for this missing data. In addition, questions are routinely edited (title, body and tags)
by experienced community users. However, there is no mechanism to get the original text of the
question. All these factors make prediction of a ‘closed’ question difficult and challenging.

While most of the features are self-explanatory, below we explain some of the higher order
features below (calculated at time of question creation) –

Badge Score (BS):
Let {b1 . . . bn} be the badges earned by the user, then

BS =

n∑
i=1

1
#users who have bi

Post Score (PS):
Let {q1 . . . qn} be the set of previous questions asked by the user and {a1 . . . am} be the set of previ-
ous answers posted by the user, then
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Table 3.9: shows the different categories of feature sets used for ‘closed’ question prediction

Set Category Number Features

A User Profile 3
Age of Account
Badge Score
Previous Posts with Negative Score

B Community 3
Post Score
Accepted Answer Score
Favorite Score

C Question Content 3
Number of URLs
Number of Stack Overflow URLs
Number of Popular Tags

D Textual Style 9

Title Length
Body Length
Number of Tags
Number of Punctuation Marks
Number of Short Words
Code Snippet Length
Number of Special Characters
Number of Lower Case Characters
Number of Upper Case Characters

PS =

n∑
i=1

score(qi) +

m∑
j=1

score(ai)

Favorite Score (FS):
Let { f q1 . . . f qn} be the set of questions asked by the user which have been favourited and { f a1 . . . f am}

be the set of answers posted by the user which have been favourited, then

FS =

n∑
i=1

score( f qi) +

m∑
j=1

score( f ai)

Accepted Answer Score (AAS):
Let {aa1 . . . aan} be the set of answers posted by the user which have been accepted. We give an
individual score of 15 to each accepted answer, therefore

AAS =

n∑
i=1

15

Number of Popular Tags (#PT):
Let T = {t1 . . . tn} be the tags present in the question, and PT = {pt1 . . . ptm} our pre-derived set of
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popular tags on Stack Overflow3, then

#PT = ‖T ∩ PT‖

Experimental Testbed, Setup and Classification
Stack Overflow contains 102,993 ‘closed’ questions between August 2008 to August 2012. Out of
these questions, 1302 questions do not have any information about the question asker. We ignore
these questions and consider the remaining 101,691 ‘closed’ questions as our positive class. The
percentage of non-‘closed’ questions (negative class) is very high (97%) than ‘closed’ questions
(3%) and therefore, leads to the formation of an imbalanced dataset. Learning with imbalanced
data is a research challenge and has attracted wide spread attention of researchers in the machine
learning community. Various approaches have been proposed in literature to address the nature
of imbalanced datasets. One such approach is to randomly under-sample the majority class data
or over-sample the minority class data to make the dataset balanced [70]. In order, to make our
dataset balanced we under-sample the majority class (non-‘closed’ questions or -ve class) and draw
101,691 random samples. However, random sampling may result in sample bias and lead to loss
of information. In order to eliminate this sample bias, we perform under-sampling by drawing
several random independent subsets from the majority class (-ve class) and training multiple clas-
sifiers based on each of these subsets along with the minority class (+ve class). We then evaluate
our classifier across these multiple data instances and report our results. In our experiments, we
draw 10 independent random subsets from 101,691 samples from the non-‘closed’ questions (neg-
ative majority class) and train 10 classifiers based on each of these 10 subsets along with 101,691
samples from ‘closed’ questions (positive minority class). Therefore, in total we have 203,382 data
samples across both classes for each classification run.

Figure 3.13 outlines the cumulative distribution function (CDF) plots for four features – Age
of Account, Code Snippet Length, Post Score and Body Length – in our experimental testbed
for ‘closed’ and non-‘closed’ questions. The CDF plots strongly indicate that the features cho-
sen for our classification task are weak discriminators. An ensemble framework gives the ability
to combine the power of such weak discriminators to form a strong predictive model. Previous
approaches in information and question quality prediction on CQA services have also observed
good classification performance with ensemble learners like Stochastic Gradient Boosted Trees
(SGBT) [27, 87]. In addition, we experimented with various classification algorithms including
Support Vector Machines, Naive Bayes, Logistic Regression etc. and find that the Stochastic Gra-
dient Boosted Trees gives the best performance. Stochastic Gradient Boosted Trees (SGBT) is
an ensemble learning technique which combines information from weak predictive models (pri-
marily built on decision trees) to form a strong classifier [59]. The stochastic approach randomly
sub-samples the training data without replacement before the construction of each tree and hence,
avoids over fitting on the data. Table 3.10 provides a summary of our testbed and experimental
setup.

3We obtain popular tags by calculating tag distribution of all tags in our dataset.
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Figure 3.13: shows the cumulative distribution plot of four selected features used in our classification task. We
see that all features are weak discriminators.

We choose the most efficient parameters for learning rate (0.1) and sub-sample size (0.7) for
SGBT. We use a 70-30% training-testing split and perform 10-fold cross validation on each classi-
fication run of our positive class versus random sample of negative class.

Classification Results and Evaluation
Table 3.11 shows the confusion matrix for our classification experiments. We are able to accurately
classify 69.6% of ‘closed ’ questions and 70.9% of non-‘closed’ questions.

Our characterization study indicates that there is no intuitive heuristic or metric to predict a
‘closed’ question. Hence, in order to understand the effect of features to predict ‘closed’ questions,
we incrementally add feature sets to our classifier and record the performance. We use three
standard information retrieval metrics – F1 score, Accuracy and Area Under the ROC curve (AUC)
to evaluate our classifier. Figure 3.14 shows the performance of our classifier on Accuracy, F1 score
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Table 3.10: Details of Experimental Setup

Dataset 203,382 questions
‘Closed’ (+ve class) 101,691

Non-‘Closed’ (-ve class) 101,691 (10-times)
random sample with replacement

Classifier Stochastic Gradient Boosted Trees
Learning Rate 0.1
Sub-sample size 0.7

Classification Runs 10
(for each +ve/-ve pair)

Feature Sets {A}, {A, B}, {A, B, C}, {A, B, C, D}
Train-Test Split 70%-30%
Cross Validation 10-folds

Table 3.11: Confusion Matrix – Classification Results

Predicted
Closed Non-Closed

True Closed 69.6% 30.4 %
Non-Closed 29.1% 70.9%

and AUC metrics when feature sets are incrementally added. We see that each feature set has a
positive effect on the performance of the classifier across all metrics. This suggests that the all our
feature sets are important for prediction.

Feature Importance
One of the advantages of using SGBT is that it outputs a list of important features used for clas-
sification. Figure 3.15 shows the most important features for classification. Overall, we see that
almost all features contribute towards our prediction model. The top five features for classification
are – Punctuation Marks, Special Characters, Code Snippet Length, Age of Account and Short
Words. We analyze the distribution of all the top five features. We observe a higher presence of
Punctuation Marks and Special Characters in non-‘closed’ questions indicating that non-‘closed’
questions are more descriptive than ‘closed’ questions. The distribution of Code Snippet Length
as shown in Figure 3.13 shows that code snippets (if present) are longer in non-‘closed‘ questions
than ‘closed. This shows that code samples posted on non-‘closed’ questions are comparatively
more detailed. The distribution of Age of Account in Figure 3.13 confirms that a newly registered
user is more prone to post a ‘closed’ question. Overall, we see that ‘closed’ questions are less
informative and descriptive than non-‘closed’ questions.
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Figure 3.14: shows classifier performance with Accuracy, F1 and Area Under the ROC curve (AUC) metrics
when feature sets are incrementally added. Note the incremental improvement in performance of our classifier
on every feature set addition.

3.5 Conclusion
Stack Overflow is an extremely popular programming Community Question Answer (CQA) web-
site for developers throughout the world. Stack Overflow uses a karma based incentive system to
maintain the quality of content on its website. However, despite these guidelines users post ques-
tions which do not fit Stack Overflow’s Q&A format. Questions which are deemed unfit for Stack
Overflow are marked as ‘closed’ by experienced users and community moderators. We present
the first study of ‘closed’ question on 4 years of publicly available data from Stack Overflow. We
divide our study into two phases – In the first phase, we conduct a characterization of ‘closed’
questions posted between August 2008 to August 2012. Our characterization reveals that subjec-
tive ‘closed’ questions are popular and high quality while not a real question are low in quality.
We also notice decrease in community participation on question closure over time and find that
Duplicate and Off Topic are more prone to reputation gaming. The analysis reveals some broader
implications on content quality maintenance for CQA websites. In the second phase, we con-
struct a predictive model for identifying a ‘closed’ question using an ensemble learning technique
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Figure 3.15: shows the relative feature importance of all 18 features in our predictive model.

and report 70.3% accurate predictions overall. Feature analysis reveals that ‘closed’ questions are
relatively less informative and descriptive than non-‘closed’ questions.
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Chapter 4

Deleted Questions on StackOverflow

In the previous chapter, we looked at closed questions on Stackoverflow which were low quality.
However, some questions on Stackoverflow are deemed unwanted and hence are deleted from the
website. In this chapter, we perform and in-depth study of deleted questions on Stackoverflow.

4.1 Introduction

Research Motivation and Aim
There has been an increase in the presence of Community Based Question Answering (CQA)
website services like Yahoo! Answers, Ask.com and Quora on the Internet. Stack Exchange is a
growing network of thematic question-answering websites with each website dedicated to a spe-
cific field of expertise [75]. It consists of 107 CQA websites with 4.1M users, 7.3M questions,
13.2 M answers and 8.5M visits per day.1 CQA websites on Stack Exchange span across differ-
ent orthogonal themes like Technology (Web Applications, Game Development), Culture (Travel,
Christianity), Arts (Photograph, Scientific Fiction) and Sciences (Mathematics, Physics). Stack
Overflow is a programming based CQA and the most popular Stack Exchange website consisting
of 5.1M questions, 9.4M answers and 2.05M registered users on its website.2

Stack Overflow has detailed, explicit guidelines on posting questions and it maintains a firm
emphasis on following a question-answer format. The community strongly discourages questions
which could generate chit-chat, opinions, polls etc. and employs elected moderators to ensure
content quality maintenance. Stack Overflow is a free, open (no registration required) website to
all users on the Internet and hence, it is a necessity to maintain quality of content on the website
[27]. Stack Overflow is driven by the goal to be an exhaustive knowledge base on programming
related topics and hence, the community would like to ensure minimal possible noise on the web-
site. However, despite of the presence of question posting guidelines and an ebullient moderation
community, a significant percentage of questions on Stack Overflow are extremely poor in nature.

1https://stackexchange.com/about
2http://stackoverflow.com/

https://stackexchange.com/about
http://stackoverflow.com/
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Questions are a fundamental aspect of any CQA website and the presence of poor quality content
may affect user experience. Prior work also shows that poor quality content on a CQA website
may drive users away from the platform and adversely affect the traffic [93]. Therefore, it is im-
portant to study poor quality questions and develop mechanisms to minimize them on the website.
In this work, we focus our attention on deleted questions (poor quality) on Stack Overflow. Ques-
tions which are very poor in quality or extremely off topic in nature are deleted from the website.
Table 4.1 shows examples of deleted questions on Stack Overflow. We see that most of these
questions are very poor in quality and of little worth to the community.

Table 4.1: shows examples of deleted questions on Stack Overflow

Id Title Score
1644242 Get drive information (free space, etc.) for -50

drives on Windows and populate a memo box
2022741 plzz can u help me -9
14771464 NDTV iPad app screen design -8
2351964 I need to see this q fast ..pleash -8
3077356 PostgreSQL stupidity -8
2984348 hi question about mathematics -3

Our research aim is to understand the phenomena of deleted questions on Stack Overflow to
gain insights about the nature of poor quality questions. In addition, we also develop a predictive
framework to detect the probability of a question to be deleted at the time of question creation.
Such a predictive framework would help the moderators of the Stack Overflow community to detect
a potential deleted question on Stack Overflow. However, a deleted question on Stack Overflow
is an explicit feedback to the question asker that her question does not conform to the guidelines.
A predictive framework can convey immediate feedback to the question asker about her question.
This may help her to revise her question and improve it in order to avoid deletion. Therefore,
prediction of a deleted question at post creation time has two distinct benefits – (i) An immediate
feedback mechanism to the question asker and (ii) A complementary mechanism to aid community
moderators in their daily moderation tasks.

Research Contributions
We perform the first large scale study on poor quality or deleted questions on Stack Overflow. We
make the following research contributions -

• We analyze deleted questions on Stack Overflow posted over ≈5 years and conduct a char-
acterization study. We perform a longitudinal study of deleted questions, community voting
patterns, deletion behavior by question owners and discover question quality structure. We
make our data on deleted questions publicly available for research purposes.
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• We develop a predictive model using a machine learning framework to detect a deleted ques-
tion at the time of question creation. We experiment with 47 features based on four diverse
categories and report 66% accurate predictions. We also perform analysis of our feature
space and report features with best discriminatory powers.

4.2 Deleted Questions on Stack Overflow
In this section, we briefly discuss about deleted questions on Stack Overflow. Figure 4.1 summa-
rizes various details about deleted questions on Stack Overflow.

Why are questions deleted?

The goal of Stack Overflow is to be the most extensive knowledge base of programming related
topics. Hence, it would like to keep the noise on their website as low as possible. Therefore,
questions on Stack Overflow which are extremely off topic or very poor in quality are deleted from
the website [12]. In addition, questions which are dormant viz. have no activity over a significant
period of time are also deleted. Also, ‘closed’ questions (questions which are deemed unfit for
Stack Overflow) which do not serve as useful sign points may also be deleted. The Why block of
Figure 4.1 corresponds to this section.

Who can delete a question?

Experienced users with 10,000+ reputation points can cast ‘delete votes’ in order to delete a ques-
tion. Question authors can delete their own questions if – (i) the question has zero answers OR
(ii) the question has only one answer but no up votes. However, a community elected moderators
(super users of the website) can delete any questions at their discretion [15] The Who block of
Figure 4.1 corresponds to this section.

How are questions deleted?

The number of votes required to delete a question scales to the number of answers and the up votes
on the answers of those questions. This notwithstanding, a minimum of 3-votes and a maximum of
10-votes are required to delete a question. It must be noted that a deleted question is not physically
deleted from the website but soft deleted. Moderators, developers and experienced users (10000+

reputation) points are able to view these questions. However, deleted questions do not appear in
search results [11] The How block of Figure 4.1 corresponds to this section.

What happens after a question is deleted?

Once a question is deleted there are two possibilities – (i) it remains deleted and (ii) it is undeleted.
The procedure for undeleting questions is similar to that of deleting a question. The What block of
Figure 4.1 corresponds to this section.
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Figure 4.1: shows the details about procedures and community guidelines to delete a question on Stack Over-
flow.

4.3 Characterization of Deleted Questions
In this section, we present our findings on deleted questions on Stack Overflow.

Dataset Description
Stack Overflow provides a periodic database dump of all user-generated content under the Creative
Commons Attribute-ShareAlike [34]. The database dump contains publicly available information
of questions, answers, comments, votes and badges from the genesis of Stack Overflow (August
2008) to the release time of the dump. Table 4.2 shows the months in which Stack Overflow
provided database dumps between August 2008 to June 2013.

We download all the available 24 database dumps for our study. Table 4.3 shows the overall
statistics of user-generated content on Stack Overflow between August 2008 (inception) to June
2013 (current). The statistics show that Stack Overflow is a very popular programming CQA with
5.1M questions, 9.4M answers and 2.05M registered users.

However, the database dumps provided by Stack Overflow do not directly contain information
about deleted questions. Hence, we analyze the entire 24 database snapshots over ≈ 5 years to
construct our dataset. Concretely, questions available in the earlier database snapshots (August
2009 – March 2013) but absent in the most recent snapshot (June 2013) are deleted from Stack
Overflow. We obtain 293,289 (≈0.29M) deleted questions between September 2009 and June 2013
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Table 4.2: shows the months in which Stack Overflow provided database dumps between August 2008 to June
2013.

Months 2009 2010 2011 2012 2013
January q q
February q
March q q
April q q q
May q
June q q
July q
August q q q
September q q q –
October q q –
November q q –
December q q –
Total 24 Database Snapshots
Information Questions, Answers, Comments, Votes and Badges

Table 4.3: overall statistics of user-generated content on Stack Overflow between August 2008 – June 2013

Users 2.05M (936k askers, 630k answerers)
Questions 5.1M (60.22% with accepted answers)
Answers 9.4M (32.67% marked as accepted)
Votes 42.3M (70.5% +ve, 6.7% favorites)
Ratio of Answers

1.84
to Questions

by following this procedure. However, we notice a small (but sizeable) percentage of questions in
this set which are not deleted but wrongly captured. We eliminate such errors by inspecting HTML
pages and obtain a final experimental dataset of 270,604 (≈0.27M) deleted questions. Table 4.4
shows descriptive statistics of user-generated content of deleted questions on Stack Overflow be-
tween August 2008 to June 2013. We would like to point out that our experimental dataset contains
a subset of all deleted questions on Stack Overflow. This limitation is due to the sporadic shar-
ing of database dumps by Stack Overflow (and not due to the procedure we use to find deleted
questions). Questions deleted between two data snapshots would not be captured in our experi-
mental dataset. However, it must be noted that our dataset contains the maximum possible deleted
questions which can be obtained given the publicly available Stack Overflow database snapshots.
We also make our experimental dataset publicly available for research purposes under the Creative
Commons Attribute-ShareAlike.3

3http://correa.in/datasets.html
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Table 4.4: shows statistics of user-generated content of deleted questions on Stack Overflow between August
2008 to June 2013. The distribution sparklines begin at minimum and end at their corresponding maximum
value (log-scale). The distributions are generated using Gaussian kernel density estimates.

Mean Median Min Max Distribution
Questions

54,120 49,221 17,514 102,623
per year
Answers 2.96 1.0 0.0 637.0

Score 0.15
2.22

-56.0 695.0
x10−16

Views 221.65 80.0 1.0 296,466
Favorites 3.59 1.0 0.0 1530.0
Comments 2.26 1.0 0.0 77.0

Increase in Deleted Questions Over Time
We now perform a temporal trend analysis of deleted questions on Stack Overflow. Figure 4.2
shows the ratio of deleted questions to total questions in each month over a 49-month period
between September 2009 and June 2013. We would like to recollect that the first database snapshot
provided by Stack Overflow is on August 2009 and hence, we do not have information of deleted
questions prior to this snapshot. We observe that on an average ≈8% of questions are deleted
on Stack Overflow. We also notice an anomalous increase in percentage of deleted questions
≈15% after the month of May (2010 2011). We posit that these abrupt rises could be due to
periodic Deletion Question Audits conducted by the Stack Overflow community around the month
of May [19].

Figure 4.3 shows the cumulative distribution area chart of deleted questions over a 49-month
period between September 2009 and June 2013. The area chart depicts that there is a sharp increase
in the total number of deleted questions over time (even with an average of ≈8%). We notice a
particularly steep increase after May 2011. Therefore, despite the presence of comprehensible and
explicit question posting guidelines – Stack Overflow receives a high number of extremely poor
quality questions which are not fit to exist on its website. Hence, it is important to perform a
longitudinal study about deleted questions on Stack Overflow.

Community Takes Long Time to Detect but Swift Action by Moderators
Stack Overflow delineates an elaborate procedure to delete a question. We recall that experienced
community members viz. users with 10,000+ reputation points can cast ‘delete votes’ to delete a
question. We analyze these ‘delete vote’ patterns to gain insights into the community participation
dynamics on poor quality questions on Stack Overflow. Hence in this section, we restrict our
analysis to 62,949 deleted questions which have received ‘deleted votes’. Figure 4.4 shows the
distribution of time taken to receive the first ‘delete vote’ on a deleted question on Stack Overflow.
We see that ≈80% questions take at least 1 month(or more) to receive its first ‘delete vote’ while

54



4.3. Characterization of Deleted Questions

S
e
p
 0
9

O
ct
 0
9

N
o
v
 0
9

D
e
c 
0
9

Ja
n
 1
0

Fe
b
 1
0

M
a
r 
1
0

A
p
r 
1
0

M
a
y
 1
0

Ju
l 
1
0

A
u
g
 1
0

S
e
p
 1
0

O
ct
 1
0

N
o
v
 1
0

A
p
r 
1
1

M
a
y
 1
1

S
e
p
 1
1

D
e
c 
1
1

A
p
r 
1
2

A
u
g
 1
2

M
a
r 
1
3

Ju
n
 1
30.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

R
a
ti
o
 o
f 
D
e
le
te
d
 Q
u
e
st
io
n
s 
to
 T
o
ta
l 
N
u
m
b
e
r 
o
f 
Q
u
e
st
io
n
s

Deleted

Average = 0.076

Figure 4.2: shows the ratio of deleted questions to total questions in each month over a 49-month period between
September 2009 and June 2013.

≈50% of the questions take 6 months(or more). Overall, 50 percentile of the questions take >164
days to receive their first ‘delete vote’. Therefore, majority of deleted questions take a significant
amount of time to receive its first delete vote.

We now analyze the distribution of ‘deleted votes’ in our dataset. Table 4.5 shows the ‘deleted
vote’ distribution on deleted questions posted and Figure 4.5 shows the temporal distribution of
‘delete votes’ on deleted questions. We observe that ≈80% questions receive 1 ‘delete vote’ and
≈14% questions receive 3 ‘delete votes’ before they are deleted. This shows that once a question
receives the required number of ‘delete vote’(s), moderators move quickly to take appropriate
action. The moderators are driven by the Stack Overflow motto to keep a low signal-to-noise ratio
in order to maintain high content quality. We also note that ≈23% of questions in our experimental
dataset have received ‘delete votes’ i.e. questions which are voted to be deleted by experienced
users. Therefore, 75% of questions in our dataset are never voted for deletion by the community.
This reveals that the major duty to detect extremely poor quality questions is on the encumbrance
of the moderator. This, coupled with the ‘delete vote’ pattern-action behavior (relatively long time
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Figure 4.3: shows the cumulative distribution of deleted questions over a 49-month period between September
2009 and June 2013. We notice a sharp rise in the number of deleted questions over time.

but swift action) motivates the impending need to have a predictive system for the benefit of the
moderators on Stack Overflow.

Table 4.5: shows the ‘deleted vote’ distribution on deleted questions posted between June 2009 and June 2013.

Votes Deleted Questions
1-vote 50,012 (79.45%)
2-votes 2,736 (4.35 %)
3-votes 9,009 (14.3%)
4-votes 463 (0.74%)

5+-votes 729 (1.16%)
Total 62,949
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Figure 4.4: shows the distribution of time taken to receive the first delete vote on a deleted question on Stack
Overflow.

Authors Delete Questions to Salvage Reputation
We recall that a question on Stack Overflow can either be deleted by the author of the question
or by a moderator. However, this information is not directly available in the publicly available
data dumps provide by Stack Overflow. We also recall that questions on Stack Overflow are not
digitally deleted i.e. they are hidden from the site and do not appear in search results. We notice
that this information about question deletion initiator (question author or moderator) is available
on the unique web address of the question. Figure 4.6 shows the web page screenshots of – (i)
question deleted by moderator (left) and (ii) question deleted by author (right).

We download the unique web pages of deleted questions in our experimental dataset and em-
ploy a regular expression to extract this information. Figure 4.7 shows the distribution of question
deletion initiator (moderator or author) on Stack Overflow. We notice that ≈87% (237,163) of
questions are deleted by a moderator while ≈12% (33,330) or 1 out of 8 questions are deleted by
the question author. A negligible percentage (0.04%) of questions (111) do not belong to either
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Figure 4.5: shows the temporal distribution of ‘delete votes’ on deleted questions in Stack Overflow between
June 2009 and June 2013.

category. This may be a bug in the data dump and hence, we ignore these questions in this section.
We now analyze multiple question attributes based on the question deletion initiator (author

or moderator) and make observations. Figure 4.8 (Top-Bottom, Left-Right) shows the distribu-
tions of – (i) time taken to delete a question (box-and-whisker plot), (ii) account age of question
owner (box-and-whisker plot), (iii) posts prior to deleted question creation (percentile plot) and (iv)
deleted question score (percentile plot) for author and moderator deleted questions. The Top-Left
box-and-whisker plot reveals that the distribution of time taken to delete a question by the ques-
tion author is relatively lower than when done by a moderator. The Top-Right box-and-whisker
plot shows that the question owner age of account is relatively higher of author deleted questions
than moderator deleted questions. This points out that question owners of author-deleted questions
are more experienced on the website(in terms of time) than question owners of moderator-deleted
questions. The Bottom-Left percentile plot shows that prior posts – posts made by the question
owner prior to the time of deleted question creation – of author-deleted questions is higher than
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Figure 4.6: shows the web page screenshots of two questions deleted by moderator (left) and author (right) on
Stack Overflow.

Moder- 
 ator

12.32%

Other

0.04%

Author

87.64%

Figure 4.7: shows the distribution of question deletion initiator (moderator or author) on Stack Overflow

those deleted by a moderator. The Bottom-Right percentile show shows that question scores of
author-deleted questions are higher than those of moderator-deleted questions at very low (<20)
and negative question scores.

The above observations show that despite being less experienced on the website, question own-
ers of author-deleted questions have more prior posts and have higher question scores on deleted
questions than those of moderator-deleted questions. We argue that question owners of author-
deleted questions exhibit such a behavior as they want to maintain a healthy reputation earned
on Stack Overflow [43]. The owners of author-deleted questions observe that their questions are
attracting down votes which affects their reputation. In order to stem further decrease reputation
points, question owners see deletion of question as a quick fix and therefore, proceed to delete the
posted question in an attempt to salvage their reputation.
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Figure 4.8: shows the distributions of – (top-left) time taken to delete a question via box-and-whisker plot,
(top-right) account age of question owner via box-and-whisker plot, (bottom-left) posts prior to deleted ques-
tion creation via percentile plot and (bottom-right) deleted question score via percentile plot for author and
moderator deleted questions.

Question Quality Pyramidal Structure
Questions on Stack Overflow are marked ‘closed’ if they are deemed unfit for the question-answer
format on Stack Overflow and indicate low quality. A question can be marked as ‘closed’ due to
five reasons – duplicate, subjective, off topic, too localized or not a real question [53]. We find
that there are 254,446 (0.25M) ‘closed’ questions on Stack Overflow between August 2008 June
2013. In this section, in addition to our experimental dataset we utilize this data to analyze question
quality indicators for deleted and ‘closed’ questions. We also make observations about the relative
quality of deleted questions in context to ‘closed’ questions on Stack Overflow.
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Community Value

Figure 4.9 shows various quantities of question quality indicators for ‘closed’ and deleted questions
on Stack Overflow. We see that deleted questions have higher percentage of questions with zero
score than ‘closed’ questions. A question score is the net worth of the usefulness of a question
as determined by the Stack Overflow community. ≈80% of deleted questions have a zero score
which indicates that most deleted questions are of very little worth to the community. We also
observe that in comparison to ‘closed’ questions – deleted questions have a lower percentage of
question with greater than zero score, favorite votes and view counts. A favorite vote is equivalent
to an explicit expression of interest or subscription on a question. Only ≈5-6% of deleted questions
attract a positive question score or favorite votes. This indicates that deleted questions are generally
of very little worth and interest to the Stack Overflow community. In addition, ≈10% of deleted
questions have >0 view counts which is twice as lower than that of closed questions (≈23%). We
also find that deleted questions have lesser percentage of code snippets but slightly higher number
of characters in their body than ‘closed’ questions. Nonetheless, we observe that deleted questions
fare inferior on most indicators in comparison to ‘closed’ questions indicating very poor quality.

Question Topics

Stack Overflow questions contain user supplied tags which indicate the topic of the question. We
analyze the tag distribution of closed and deleted questions and compare them to the overall tag
distribution on Stack Overflow. There are a total of 36,643 tags on all questions in Stack Overflow.
Figure 4.10 shows the venn diagram of tag distributions of questions on Stack Overflow.

We see that tags on ‘closed’ questions are a subset of the overall tags which occur in regular
questions. In contrast, an appreciable number of tags on deleted questions (≈10%) are not found
either in ‘closed’ or regular questions. We extract such tags found in deleted questions for further
analysis. The topics of ‘closed’ questions are relevant to the community despite the questions
themselves being unfit for the Stack Overflow format. However, some of the topics on deleted
questions are extremely off topic to the interests of the community. Figure 4.11 shows the word
cloud of the top-50 tags that occur on deleted questions. We find a very high presence of low
quality tags like homework, job-hunting and polls on deleted questions. These topics also show
that deleted questions are of extremely poor quality.

Effort to Improve Question Quality

The goal of Stack Overflow is to be a comprehensive knowledge base for programming related
topics. Therefore, a question on Stack Overflow may be edited by privileged users (experienced
community members and moderators) to maintain content quality. A question on Stack Overflow
has three major sections which can be edited – title, body and tags. In addition, users without suf-
ficient privileges can suggest edits to questions. These suggestions are then reviewed by privileged
users and are brought into effect at their discretion. In this part, we analyze edit histories of deleted
questions on Stack Overflow. Table 4.6 shows four edit types (edit tags, edit body, edit title and
suggested edits) for deleted questions in our experimental dataset. We see that ≈93% of deleted
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Figure 4.9: shows the quantities of question quality indicators for ‘closed’ and deleted questions on Stack
Overflow.(QZ=Percentage of Questions with Zero Score, QGZ=Percentage of Questions with Greater than
Zero Score, PA=Percentage of Answers, PAA=Percentage of Accepted Answers, PAC=Percentage of Accepted
Answers given that a question has an answer, CZ=Percentage of Comments with Zero Scores)

Figure 4.10: shows the venn diagram of tag distributions of questions on Stack Overflow.

questions receive at least one form of edit. Also, moderator-deleted questions receive more edits
than author-deleted questions.
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Figure 4.11: shows the word cloud of the top-50 tags that occur on deleted questions. 9.24% of tags are unique
to deleted questions on Stack Overflow.

Table 4.6: shows edit details of deleted questions on Stack Overflow

Moderator Author Total
Deleted Questions 237,163 33,330 270,493

Question Content Edited
226,286 26,461 252,747
(95.41%) (79.39 %) (93.44%)

Question ‘Closed’
34,209 2.167 36,376
(15.12%) (8.19%) (14.38%)

We also notice that 14.38% of deleted questions were marked as ‘closed’ before they were
deleted – a higher percentage of moderator-deleted questions were marked as ‘closed’ than author-
deleted questions. Figure 4.12 shows the distribution of questions marked as ‘closed’ due to five
reasons for both – author and moderator deleted questions. We see that a higher percentage of
author-deleted questions are marked as too localized, duplicate and off topic. However, a higher
percentage of moderator-deleted questions are marked as subjective and not a real question.

Figure 4.13 shows the distribution of percentages of questions on various edit categories for
(left) ‘closed’ versus deleted and (right) moderator versus author deleted questions. We observe
that ‘closed’ questions receive a higher percentage of edits than deleted questions. This signifies
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Figure 4.12: shows the distribution of questions marked as ‘closed’ on five reasons for author and moderator
deleted questions.

that the community puts a greater effort to edit and improve ‘closed’ questions than it does for
deleted questions. We also see that core content of a question (title and body) for author-deleted
questions receive a higher percentage of edits than moderator-deleted questions. This shows that
author-deleted questions are inferior in quality than moderator-deleted questions and require more
work to improve their content.

Quality Pyramid

‘Closed’ questions are questions which are deemed unfit for the Stack Overflow format. A ‘closed’
question is low quality but has the potential to be improved upon. On the other hand, deleted
questions are very poor in nature and beyond improvement. Prior analysis in this section revealed
that deleted questions fare extremely poor on multiple community value quality indicators. We also
find that some topics of deleted questions are entirely irrelevant to the Stack Overflow website. In
addition, we see that the community puts in more effort to improve a ‘closed’ question than it
does for a deleted question. These findings reveal that question quality on Stack Overflow has
a pyramidal structure – regular questions lie at the top of the pyramid (good quality), followed
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Figure 4.13: shows the distribution of edit question history on (left) ‘closed’ versus deleted and (right) modera-
tor versus author deleted questions.

by ‘closed’ questions (bad quality) and deleted questions are placed at the bottom of the pyramid
(extremely poor quality). Figure 4.14 shows this underlying question quality pyramid structure on
Stack Overflow.

Figure 4.14: shows the underlying question quality pyramid structure on Stack Overflow.

65



4.3. Characterization of Deleted Questions

Accidental Question Deletion
Stack Overflow provides a procedure to undelete a deleted question. The similar voting procedure
to that of deletion is followed to undelete a question. Table 4.7 shows some examples of undeleted
questions on Stack Overflow.

Table 4.7: shows examples of Undeleted Questions on Stack Overflow.

Id Title Score
145 Compressing / Decompressing Folders 10

& Files in C#?
249 Accessing a remote form in php 15
5235643 Colon(:) and number in filename in Visio 1
5767118 Facebook text field detection 0

We find a total of 9,350 undeleted questions on Stack Overflow. 8,536 of these total questions
were originally deleted by the question author while 814 questions were deleted by a moderator.
We now analyze the time taken to undelete a question from the time of deletion. Figure 4.15
shows the percentile plot of time taken to undelete a question from the time of deletion of author-
deleted and moderator-deleted questions. We find that most author-deleted questions are undeleted
within 2 minutes of its deletion. We attribute this peculiar behavior to accidental deletion. The
question author accidentally deletes her question but on realization of her mistake, she undeletes
the question. We observe that moderator-deleted questions take a relatively longer time to undelete.
This lag may be due to the time required for the undelete voting procedure as defined by the Stack
Overflow community guidelines. The guidelines specify that a deleted question must receive a
minimum of 3 undelete votes to be undeleted. This leads to an increase in time taken undelete
moderator-deleted questions.
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Figure 4.15: shows the percentile plot of time taken to undelete a question from the time of deletion of author-
deleted and moderator-deleted questions.

We now analyze the tags on undeleted questions. Figure 4.16 shows the word cloud of the
top-50 tags that occur in undeleted questions on Stack Overflow. We notice the presence of pro-
gramming related tags like objective-c, android and c# which points out these undeleted questions
are relevant to Stack Overflow.
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Figure 4.16: shows the word cloud of the top-50 tags that occur in undeleted questions on Stack Overflow.

4.4 Deleted Question Prediction
In the second phase of our study, we develop a predictive model to detect a deleted question at the
time of question creation on Stack Overflow. We frame the problem of deleted question prediction
as a binary classification task. In our supervised classification framework, we simulate real-world
conditions viz. we only use information available at question creation time. We do not have access
to information on answers and other crowdsourced information like view counts, favorite votes
and question score. In addition, Stack Overflow consists of millions of questions with thousands
of topics (recall that there are 34,000+ tags). We also perform our experiments on the entire
unadulterated dataset of Stack Overflow. All these factors make the task of prediction of a deleted
question at its creation time complex and extremely challenging in nature.

Feature Identification
We experiment with 47 features based on profile(S A), community(S B), question content(S C) and
text syntax(S D) for our prediction task. Profile based features are based on the user-generated con-
tent on the Stack Overflow website. Community based features are derived via the crowdsourced
information generated by the Stack Overflow community. Question content features are based on
the text and metadata of the question while syntactic or text syntax features are based on the writing
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style of the text in the question. In order to investigate features based on question content, we make
use of the latest Linguistic Inquiry and Word Count (LIWC2007) software [123]. LIWC2007 is
a natural language psychometric analysis software that contains 4,500 words and 64 hierarchical
dictionary categories. LIWC2007 takes a text document as input and outputs a score for the input
over all 64 categories based on the writing style and psychometric properties of the document. We
utilize the LIWC2007 software to understand the psychometric properties of natural language text
in deleted questions. We find 11 LIWC categories – personal pronouns(I, them, her), pronouns(I,
them, itself), space(down, in, thin), relativity (area, bend, exit, stop), inclusive (and, with, include),
cognitive process(cause, know, ought), social(mate, talk, they, child), function words, conjunctions
(and, but, whereas) and prepositions(to, with, above) – to be distinctive. We include these cate-
gories as features for our classification task. Table 4.8 shows all the 47 features based on four
different categories. Features marked with † are generated using LIWC2007.

Note that the challenge of our supervised learning task is to predict the probability of deletion
at question creation time. Hence, we only consider features which are available at the time of
question creation. We understand that other features, for example – answer activity, could be
a good discriminative feature for classification. But, including such features would violate the
real-world conditions and therefore, we choose not to include such features in our experimental
framework.

Experimental Framework
We recall that we have a total of 270,604 deleted questions as available by using the Stack Overflow
database snapshots. 35,556 deleted questions do not have information about their question authors
available. Since, an entire feature set in our supervised learning task is based on user profile we
ignore these set of questions for this part of our study. Therefore, we have a final total of 235,048
deleted questions in the positive class of our dataset. We also see that the total number of non-
deleted questions are extremely high in comparison to that of deleted questions viz. 95% of the
questions are non-deleted while only 5% of these questions are deleted. Hence, the dataset is
highly skewed towards the positive class. There have been various approaches in machine learning
literature which deal with supervised learning for imbalanced class problems. One such popular
approach is to randomly down sample the skewed or majority class data and make the dataset
balanced [70]. Therefore, we randomly select 235,048 questions from the non-deleted class to
form the negative class of our dataset. However, such a method may induce a sampling bias. In
order to eliminate this bias, we draw 10 random samples of non-deleted questions and perform
our prediction experiments on each random sample. We report our results on the average of the
experiments drawn from all 10 random samples.

We experiment with multiple classifiers and find that Adaboost classifier gives the best perfor-
mance. Adaboost or Adaptive boosting is an ensemble based machine learning framework which
combines the performance of a series of weak classifiers to configure a strong classifier [58].
Concretely, Adaboost modifies subsequent classifiers in an attempt to correctly classify wrongly
classified instances from previous classifiers. Prior work in content quality on community based
question-answering websites have also observed best performance with ensemble-based learning
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methods [27, 87]. We use a 70-30% training-testing split and perform 10-fold cross validation to
prevent the problem of over fitting. We use decision tree as the base classifier and SAMME.R
for the boosting algorithm [138]. The learning rate and number of estimators parameters are set to
their default values. Table 4.9 shows the experimental setup details for our supervised classification
task.

Evaluation
We now evaluate the performance of our classifier. Table 4.10 shows the confusion matrix for
our supervised classification task. We see that our system is able to accurately classify 65.9% of
deleted questions and 66.1% of non-deleted questions with an overall accuracy of 66%.

In order to understand the importance of our feature sets, we incrementally add feature sets
and evaluate the performance of our classifier. Table 4.11 shows the classification performance on
incremental feature sets based upon multiple evaluation metrics – F1 score, Accuracy and Area-
Under-Curve(AUC). We note the improvement in performance of our classifier on each feature set.
This shows that our feature sets are important to the classification task.

Feature Analysis
We now analyze our feature set in order to understand important features for deleted question pre-
diction. The Adaboost classifier informs the discriminator power of each feature for classification.
Figure 4.17 shows the relative importance of top 20 features for deleted question prediction as
given by our classifier. We see that the top-20 features are a mixture of features from all four
categories of feature sets. It points out the importance of the use of different categories of feature
sets for prediction.

4.5 Conclusions
We conduct the first large scale study of deleted questions on Stack Overflow. We observe an
increasing trend in the number of deleted questions on Stack Overflow over the last 2 years. The
community takes significant time to detect a potential deleted question but moderators take swift
appropriate action. However, we notice that moderators bear most of the encumbrance of detecting
a deleted question. We also find that authors delete their own questions to salvage reputation points
on the website. In general, deleted questions are extremely poor in worth to the Stack Overflow
community. Also, deleted questions are significantly low in quality than ‘closed’ questions. We
discover the existence of a pyramidal structure of question quality in which deleted questions lie
at the bottom of the pyramid (extremely poor quality). We also notice accidental question deletion
by authors. We build a predictive model to detect deleted questions on Stack Overflow and report
66% accurate predictions. We employ four categories of feature sets – user profile, community
based, content based and stylistic features – and report most discriminatory features.
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Figure 4.17: shows the relative importance of the top 20 features for deleted question prediction.
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Table 4.8: lists the 47 features used for our prediction task. Each feature belongs to a specific category and
features marked with † are generated using LIWC2007.

Set Type Features

S A Profile

Age of Account
Previous Questions with -ve score
Previous Questions with +ve score
Previous Questions with 0 score
Previous Answers with -ve score
Previous Answers with +ve score
Previous Answers with 0 score
Number of Previous Questions
Number of Previous Answers
Number of Previous Badges
Questions to Age of Account Ratio
Answers to Age of Account Ratio

S B Community

Average Answer Score
Average Question View Counts
Average Number of Comments
Average Favorite Votes
Average Question Score
Average Number of Accepted Answers

S C Content

Number of URLs
Number of Previous Tags
Code Snippet Length
LIWC score of Personal Pronouns†
LIWC score of Pronouns†
LIWC score of Space words†
LIWC score of Relativity words†
LIWC score of Inclusive words†
LIWC score of Cognitive Process words†
LIWC score of Social words†
LIWC score of 1st person singular pronouns†

S D Syntactic

LIWC score of Function Words †
LIWC score of Conjunctions†
LIWC score of Prepositions†
Number of characters in body
Number of alphabetical characters in body
Number of upper case characters in body
Number of lower case characters in body
Number of digit characters in body
Number of white case characters in body
Number of special characters in body
Number of punctuation marks in body
Number of words in body
Number of short words in body
Number of unique words in body
Average body word length
Number of characters in title
Number of words in title
Average title word length

SA=12, SB=6, SC=11, SD=18, Total = 47 features
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Table 4.9: shows the experimental setup for the deleted question prediction task.

Dataset 470,096 questions
Deleted (+ve class) 235,048 questions
Non-Deleted (-ve class) 235,048 questions (10 times)
Classifier Adaboost
Learning Rate 1.0
Base Classifier Decision Tree
Number of Estimators 100
Boosting Algorithm SAMME.R
Cross Validation 10-fold

Classification Runs 10-times
(one for each +ve/-ve pair)

Training-Testing split 70-30%

Feature Sets {S A},{S A , S B}, {S A , S B , S C},
{S A , S B, S C, S D}

Table 4.10: Confusion Matrix – Prediction Performance

Predicted
Deleted Non-Deleted

True Deleted 65.9% 34.1%
Non-Deleted 33.9% 66.1%

Table 4.11: shows the classification performance on incremental feature sets based upon multiple evaluation
metrics – F1 score, Accuracy and Area-Under-Curve(AUC)

Feature Set F1 Accuracy AUC
{S A} 58.91 56.81 57.19
{S A , S B} 61.83 59.59 61.11
{S A , S B , S C} 63.38 62.17 65.24
{S A , S B, S C, S D} 65.8 66.0 70.01
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Chapter 5

Integrating Issue Tracking Systems with
Community Based Question-Answering
Websites

In the previous two chapters, we focused on low quality content analysis and detection. We saw
that there are different levels of low quality content - (1) content which can be improved (closed
questions) and (2) content which is beyond repair (deleted questions). We also observed that
there are multiple indicators of low quality content (Refer Figure 3.15). Two indicators of quality
content are – (1) Stackoverflow URLs and (2) URLs. In the next two chapters, we focus on
these two indicators to help enhance quality on software maintenance systems. Inn this chapter,
we first propose a system to integrate CQA sites with Issue Tracking Systems to help software
professionals during maintenance process.

5.1 Research Motivation and Aim
Research shows that software developers spend a significant amount of their time outside their
development environment (such as Eclipse Integrated Development Environment) and inside their
Web Browser searching and navigating information available on the Web required for problem-
solving [69]. Brandt et al. investigate the role of online information and resources while program-
ming [45]. Their case-study reveals that programmers spent 19% of their programming time on
the Web to accomplish several different kinds of activities (such as learning of unfamiliar concepts,
language syntax, API or function usage, reading tutorials or how-to articles, connecting high-level
knowledge to implementation details) [45].

Communication, collaboration, exchanging knowledge and searching for information is not
only a common activity during development but also during bug resolution and bug fixing [40][140].
Bertram et al. mention that issue tracking is a social process and issue tracking systems are a fo-
cal point for communication and coordination between stakeholders [40]. We observe that several
comments posted on issue tracking system threaded discussion forums contains links to several
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social-media websites (Web 2.0 platforms) such as online discussion forums and community-based
question-answering websites. Web searching and navigation, referring to online resources and
posting links to relevant discussions outside the issue tracking system is integral to the bug resolu-
tion process. The focus of the work presented in this paper is to study the role of community-driven
question and answering websites as a knowledge resource during bug resolution. We observe links
to Stackoverflow.com (a popular and widely used community-based question and answering web-
site for programmers) in issue tracking system discussion forums for popular open source projects
such as Google Chromium browser, Google Android operating system, Mozilla Firefox browser
and Eclipse IDE.

Mamykina et al. conduct user interviews and perform a statistical data analysis on Stack Over-
flow and reveal that over 92% of Stack Overflow questions about expert topics are answered in a
median time of 11 minutes [94]. Stack Overflow is popular and widely adopted not only because
of a fast response time but also because of high quality answers [94]. Bacchelli et al. analyze
Stack Overflow data dump (consisting of 750000 registered users, 2 million posed questions, and
4 million answers) and present a graph demonstrating a steeply increasing trend of the number of
questions and answers exchanged every month on the popular Stack Overflow website Treude et
al. analyze Stack Overflow data and reveal that the Q&A website is particularly effective at code
reviews and conceptual questions [127]. They conduct a characterization study and uncovered
different types of questions being asked on Stack Overflow such as: how-to, discrepancy, environ-
ment, error, decision help, conceptual and review [127]. Anderson et al. study the dynamics of the
community activity (on Stackoverflow.com) that shapes the answers to posted questions and study
how answers and voters arrive over time and how it influences the eventual outcome [31].

Zimmermann et al. propose several directions towards improvement of existing bug tracking
systems and argue that current issue tracking systems are merely interface to back-end relational
databases that archive reported bugs and motivate the need of extensions that can solve information
need problem of developers and bug-fixers [140]. They observe that often exchange of information
is stretched overtime (resulting in delays) due to the current limitations in the design and features
of existing issue tracking systems[140]. The research work presented in this paper is motivated
by our belief that enhancing existing bug tracking system by facilitating developers find relevant
information (recommendation and information retrieval) from community-based question and an-
swering website such as Stackoverflow.com can reduce the context-switch (due to plug-ins within
the issue tracking system) and time spent by developers in manually searching and filtering relevant
content. We believe that integration of issue tracking system with social-media Web 2.0 platforms
specifically for programmers is a relatively unexplored area and our motivation is to throw light
on this topic by conducting an in-depth empirical study (qualitative and quantitative) on real-world
representative dataset.

The specific research aim of the work presented in this paper is the following:

1. To investigate the role and extent of adoption of social-media based and community-driven
Q&A websites (such as Stack Overflow, Super User and Server Fault) in a knowledge-
intensive and collaborative activity of software bug resolution. The aim of the study pre-
sented in this paper is to conduct an exploratory study on the topic of integrating issue track-
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ing systems with community-based Q&A websites.

2. To examine the correlation and impact of the presence of links to community-based Q&A
website in issue tracking system threaded discussion forum on the mean time to resolve a
bug and number of comments.

3. To investigate solutions for recommending Stack Overflow Q&A for an incoming bug report
based on textual and contextual (metadata) features.

4. To conduct a survey and discussion with practitioners (bug fixers, bug reporters and QA
managers) on the need, challenges and directions for integrating issue tracing system with
community driven Q&A websites.

Research Contributions
In context to existing work, the study presented in this paper makes the following novel contribu-
tions:

1. The work described in this paper is the first focused study on integration of issue tracking
systems with community driven question and answering websites such as Stackoverflow.
While there has been work in the area of code-editors & development environment integra-
tion (Section ??) with Stackoverflow as well as code-editor integration with web-search and
external websites (Section ??), the integration of Stackoverflow with issue tracking systems
is a unique research direction.

2. We present experimental results (based on a series of experiments conducted on publicly
available dataset from two popular, large, complex and open-source projects: Google Chromium
and Android) indicating presence of several links to Stackoverflow question & answers fa-
cilitating the process of bug resolution. We conduct a characterization study and present
our perspective on the correlation between Stackoverflow references and mean time to re-
pair a bug, top domains in issue tracking system threaded discussion forums and illustrative
examples showing links to various Web 2.0 platforms in addition to Stackoverflow.

3. We present a solution based on analyzing textual features (textual similarity between bug
report title and Stackoverflow questions) and contextual features (such as question tags rep-
resenting the topic) to recommend a Stackoverflow question in response to a bug report.
We believe that a recommendation engine (tool support) that automatically suggests rele-
vant Stackoverflow knowledge-base to developers can save time during bug resolution. We
present the proposed solution and empirical results ((performance evaluation and validation))
demonstrating the effectiveness of the method on dataset containing the ground-truth.

4. A survey conducted with experienced Software Maintenance Professionals on the topic of
integrating issue tracking system with community driven Q&A websites. We believe that
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there is a dearth of academic studies surveying the needs, problems encountered, human-
factors and suggestions on the problem area discussed in this paper. To the best of our
knowledge, the work presented in this paper is the first study to conduct a survey of bug
reporters and fixers on the topic and perform empirical analysis on a real-world publicly
available dataset from a popular open-source project.

5.2 Survey of Software Maintenance Professionals
The research work presented in this paper is motivated by the need to investigate solutions to
common problems encountered by Software Maintenance Professionals. We believe that inputs
from practitioners are needed to inform our research. Table 5.1 displays the results of a survey
(note: while the paper is under review - we are receiving responses and will be sending survey
to more software maintenance professionals) of Google Chromium Developers. We sent an email
to the Google Chromium Developer mailing list (chromium-dev@chromium.org) and received
13 responses. We also received few replies to our email as well as free-form text response in
addition to the response to multiple-choice questions in Table 5.1. As shown in Table 5.1, 23.1%
of the survey respondents have 1− 5 years of work experience in Software Maintenance whereas a
significant percentage (76.9%) had more than 5 years of experience in the field. Our research shows
that as a bug-fixer, 61.5% search and post questions (moderate and high usage) on community-
driven Q&A websites like StackOverflow to leverage the archived knowledge and get inputs from
experts. 38.5% believe that linking community-driven Q&A websites like StackOverflow with the
threaded discussion of issue tracking system can decrease the mean repair time or decreases the
bug resolution time. We notice that the usage of StackOverflow is more by bug fixers than bug
reporters.

One of the replies we received (presented verbatim but removed the name and email of the
person) is: ”Chrome extension developers are encouraged to consult Stack Overflow 1, as it’s now
an official support channel for Chrome extension developers (and will be THE future official sup-
port channel)”. Another response we received is: ”Sites like StackOverflow tend to be used for
more general issues. I do consider them a very important tool related to development, and might
find them useful if I worked on development tools, or a general runtime environment. I’ve never
observed a site like StackOverflow being used to address issues specific to a project I was working
on”. Frequently Asked Questions 2 on Google Chrome Extensions mentions ”If you don’t find an
answer to your question here, try the Chrome Web Store FAQ, the [google-chrome-extension] tag
on Stack Overflow, the group, or the store help”. Facebook and Stack Exchange are partners to
support the Facebook developer community and facebook.stackoverflow.com is an official devel-
oper support channel for Facebook developers 3. Andorid Developers blog4 mention that that they

1https://developer.chrome.com/extensions/faq.html
2https://developer.chrome.com/extensions/faq.html
3http://blog.stackoverflow.com/2011/08/facebook-stackoverflow/
4http://android-developers.blogspot.in/2009/12/hello-stack-overflow.html
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Table 5.1: Survey Results: Google Chromium Developers on Integration of Issue Tracking System with
Community-Driven Q&A Websites

Q1: How many years of work experience you have in the area of Software Mainte-
nance?

Less than 1 year 0.0%

Between 1 and 5 years 23.1%

More than 5 years 76.9%
Q2: As a software maintenance professional (bug reporter, triager, bug fixer, QA man-
ager, developer) do you observe Community-Powered Q&A Websites for program-
mers such as StackOverflow (http://stackoverflow.com/) being used by bug reporters
and bug fixers to search and post questions?

I observe a negligible or low usage 61.5%

I observe a moderate usage 38.5%

I observe an increasing trend and significant adoption [high usage] 0.0%
Q3: As a bug-reporter - do you search community-driven Q&A websites like Stack-
Overflow (http://stackoverflow.com/) before reporting a bug and link Q&A artifacts as
part of the bug report [when applicable]

No (or low usage) 61.5%

Sometimes (moderate usage) 30.8%

Always (or high usage) 7.7%
Q4:As a bug-fixer - do you search and post questions on community-driven Q&A web-
sites like StackOverflow to leverage the archived knowledge and get inputs from ex-
perts [when applicable]

No (or low usage) 38.5%

Sometimes (moderate usage) 53.8%

Always (or high usage) 7.7%
Q5:Do you think link(s) to community-driven Q&A websites like StackOverflow in
the threaded discussion of issue tracking system decreases the mean repair time or
decreases the bug resolution time

No significant or noticeable impact 61.5%

Some impact (as relevant and useful information is integrated - saves developers time) 38.5%

Significant impact (no context switch and change of environment, useful information is linked in the
issue tracking system)

0.0%

77



5.3. Empirical Analysis

Table 5.2: Questions, Answers, Answered and Users Statistics of StackExchange Technology Sites on July 1st
2012. SO: Stack Overflow, SF: Server Fault, SU: Super User, AE: Android Enthusiasts, PR: Programmers, UE:
User Experience, AU: Ask Ubuntu, WM: Webmasters, AP: Ask Different (Apple Products)

SO SF SU AE PR UE AU WM AP
Questions 3.3m 118k 127k 8.1k 19k 4.7k 55k 9.8k 17k
Answers 6.6.m 240k 235k 12k 94k 16k 81k 18k 31k
Answered 80% 83% 80% 84% 99% 100% 79% 93% 84%
Users 1.2m 86k 108k 14k 51k 14k 61k 14k 21k

believe Stack Overflow can improve developer support and particularly useful for developers new
to Android. Android tag on Stack Overflow is an official Android app development Q&A medium
and the blog advices to the Android developer community that they are encouraged to post their
beginner-level technical questions there. Google TV project5 mentions Stackoverflow.com as a de-
veloper resource encouraging developers toask questions and share expertise and wisdoms. JQuery
developer support page6 mentions ”Developers can likely find an answer (on Stackoverflow.com)
for whatever issue they are experiencing and if their question is not addressed then they can ask a
new question and often receive a quick response”.

5.3 Empirical Analysis

Experimental Dataset
We conduct experiments on publicly available dataset so that our results can be replicated and used
for benchmarking by other researchers. We chose Google Chromium and Android issue tracking
dataset as both the projects are open-source, large and complex systems. Both are long-lived,
popular and widely used browser and mobile operating system respectively. We conduct exactly
same analysis on two different projects to remove bias and increase generalization of conclusions.
Stackoverflow dataset is publicly available and both Google issue tracker and Stackoverflow dataset
can be accessed through programming APIs. Table 5.2 displays the number of questions and
answer statistics on Stackexchange.com domain (Stackoverflow is one of the Stackexchange site)
during the time-frame of our study. Table 5.3 displays the experimental dataset details for the
Google Chromium and Android projects. As shown in Table 5.3, the number of downloaded and
closed issues for Android is 36262 and 13624 respectively and the number of downloaded and
closed issues for Chromium is 142175 and 104814 respectively. The dataset spans across multiple
years: 2007 to 2012 for Android and 2008 to 2012 for Chromium.

5https://developers.google.com/tv/web/
6http://learn.jquery.com/about-jquery/additional-support/
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Table 5.3: Experimental dataset details (open-source Android and Chrome projects)

Android Chrome
Download Date August 14, 2012 August 12, 2012
Num. Issues Available on Issue Tracker 36286 142175
Number of Issues Downloaded 36262 134410
Issues deleted or restricted access 45 7765
Number of Open Issues 22638 29596
Number of Closed Issues 13624 104814
Num. Issues Label = Declined 6615 0
Num. Issues Label = Duplicate 1422 28460
Num. Issues Label = Spam 1180 0
Number of Distinct Owners 134 933
Timestamp of first bug report 2007-11-12 16:02:55 2008-08-30 16:00:21
Timestamp of last bug report 2012-08-13 08:56:16 2012-08-11 21:16:59

Table 5.4: Number of bug reports in experimental dataset containing links to relevant Stack Exchange sites

Android Chrome
SE Domain Desc. Desc+Comm. Desc. Desc+Comm.
SO: Stack Overflow 216 448 269 418
SF: Server Fault 0 0 0 3
SU: Super User 0 2 10 36
AE: Android Enthusiasts 9 16 0 7
PR: Programmers 0 0 0 0
UE: User Experience 0 0 0 1
AU: Ask Ubuntu 1 1 7 10
AP: Apple Products 0 0 2 2

Characterization of Issue Reports and Stackoverflow links
We compute the number of bug reports in the experimental dataset containing links to 8 Stackex-
change websites. Stackexchange consists of 89 question and answer website (at the time of writing
this paper). Table 5.4 shows the Stackexchange domain, number of bug reports containing links
to the Stackexchange domain in the issue description and number of links to the Stackexchange
domain in the issue description or comments for both the Android and Chromium dataset. Ta-
ble 5.4 reveals that Stackoverflow is the most referred in contrast to other relevant Stackexchange
sites. Table 5.4 indicates that there are several issue reports (in both the projects) containing links
to community-driven question and answering website supporting as an evidence of the role of
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Table 5.5: Top domains in issue tracking system based on the number of links in DESC: Description and D+C:
Description and Comments

Android Chrome
Domain DESC Domain D+C Domain DESC Domain D+C

developer.android 1338 code.google 3499 build.chromium 5788 src.chromium 479007

code.google 581 developer.android 1926 code.google 3065 codereview.chromium 70643

groups.google 340 google 1419 google 2609 chromiumcodereview 17597

schemas.android 307 groups.google 654 codereview.chromium 1400 code.google 13455

google 223 forum.xda-developers 583 chrome.google 1161 build.chromium 12726

stackoverflow 216 review.source.android 459 src.chromium 1100 bugs.webkit 8095

dl-ssl.google 147 stackoverflow 448 trac.webkit 972 trac.webkit 6693

android.git.kernel 105 schemas.android 407 youtube 935 google 5745

youtube 94 kernel.android.git 383 jsfiddle 858 crbug 5009

source.android 89 dl.ssl.google 310 W3 837 dev.chromium 2703

forum.xda-developers 84 market.android 306 bugs.webkit 795 chrome.google 2541

github 75 youtube 245 dev.chromium 762 goto.google 1800

en.wikipedia 70 android-review 239 test-results.appspot 467 chromium 1667

market.android 50 github 236 en.wikipedia 398 youtube 1563

such websites in bug resolution process. While the focus of the work presented in this paper is
on integration of issue tracking system with community-based question and answering websites
for programmers, we uncover the top URL domains referred in the threaded discussion of Google
Android and Chromium issue trackers. Table 5.5 shows the Top 14 URL domains and the number
of bug reports mentioning it in the description and both description and comments. Table 5.5 indi-
cates that several Web 2.0 platforms are referred in issue tracker discussion forums and activities
like web-search and navigation is integral to communication involving bug resolution.

We notice that several links to micro-blogging websites such as Twitter7 and video-sharing
website such as YouTube8 are present in issue tracking system discussion forums. While the focus
of the work presented in this paper is the role of community-driven question and answering website
during bug resolution, we found evidences indicating that various other Web 2.0 platforms and
popular social media websites are also frequently referred during developer discussion during bug
fixing. Table 5.6 shows illustrative examples of bug reports and developer comments containing
references to Twitter and YouTube. We observe that (as evident from the developer comments
in Table 5.6) YouTube is commonly used to create a video of user interaction with the system to
demonstrate steps to reproduce and actual system behavior.

One of the research question or aim of our study is to investigate correlation between presence
7www.twitter.com
8www.youtube.com
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Table 5.6: Developer comments referring to tweets on Twitter and videos on YouTube

Dataset Social Media Issue ID User Comments
1 Android Twitter 13674 Samsung have confirmed an OTA update in the next

few days: [Twitter-URL]. Is reboot issue also fixed in
this update?

2 Android Twitter 6914 I managed to get a reply from RG on Twitter. Here’s
what he stated [Twitter-URL]

3 Android Twitter 3389 I’ve seen some reports that Android 2.3.4 for the
Google Nexus now has settings that indicate support
for IPv6 on the radio interface [Twitter-URL]

4 Android YouTube 22956 This is a reproducible issue. I’ve made a video to
demonstrate the problem: [YouTube-URL]

5 Android YouTube 30035 I made a video here to demonstrate the bug better:
[YouTube-URL]

6 Android YouTube 28016 I have been trying to fix this issue for days now, trying
many different things, and today I came across a video
that explains why wrap content is so bad. Here’s the
link: [YouTube-URL]

7 Chromium Twitter 125304 It seems that Typekit has recently added support for
Chrome OS: [Twitter-URL]

8 Chromium Twitter 112367 A few years ago the Adobe Flash community got
together and pressured Adobe to add mic recording
capability to Flash with the getmicrophone project:
[Twitter-URL]

9 Chromium Twitter 107949 I have also confirmed someone else is experiencing
the same problem [Twitter-URL]

10 Chromium YouTube 132090 I made this youtube video that demonstrates this bug’s
behavior and crash: [YouTube-URL]

11 Chromium YouTube 132032 Here is a link to a video of this behavior: [YouTube-
URL]

12 Chromium YouTube 127598 I uploaded a recording of how to reproduce (the bug),
though [YouTube-URL]

Table 5.7: Mean time to repair bug with and without StackOverflow (SO) link in the bug report description

Project Dataset Mean Std. Dev. Median

Android
All 81 Days, 23:25:21 165 Days, 14:27:54 9 Days, 22:03:96

With SO URL in Desc. 39 Days, 00:56:19 79 Days, 13:26:07 6 Days, 20:20:10
Without SO URL in Desc. 83 Days, 13:35:30 67 Days, 9:04:56 10 Days, 4:34:16

Chrome
All 219 Days, 22:14:21 303 Days, 19:17:57 42 Days, 23:33:56

With SO URL in Desc. 350 Days, 10:05:56 278 Days, 20:48:07 411 Days, 10:31:50
Without SO URL in Desc. 219 Days, 17:42:20 303 Days, 20:02:31 42 Days, 22:50:48
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Table 5.8: Number of comments in a bug report with and without StackOverflow link in the bug report descrip-
tion

Project Dataset Mean Std. Dev. Median

Android
All 5.58 55.83 1.0

With StackOverflow URL in Desc. 3.2 6.3 1.0
Without StackOverflow URL in Desc. 5.6 55.97 1.0

Chrome
All 8.37 11.09 6.0

With StackOverflow URL in Desc. 5.85 5.84 4.0
Without StackOverflow URL in Desc. 8.37 11.09 6.0

of Stackoverflow links (as a representative example for the class of community-driven question and
answering websites) in issue tracker discussion forum and the mean repair time for bug reports and
the number of comments posted till closure of a bug report. Table 5.7 indicates that the resolution
time (time difference between bug report and closure) of bug reports (excluding cases such as
spam, duplicate, declined, unreproducible and invalid from the datatset) for issues containing links
to Stackoverflow is less in contrast to reports not containing Stackoverflow links for the Android
project. The same phenomenon is observed with respect to the number of comments (refer to Table
5.8) for both Android and Chromium projects. Table 5.7 and 5.8 shows the same trend (number of
comments in the threaded discussion) for both the projects (Table 5.7 and 5.8 displays the mean,
standard deviation and median). One explanation is that because a Stackoverflow Q&A is itself like
a threaded discussion where the developer community can answer questions (there can be multiple
answers and perspective to a question), rate answers based on the quality and reply to each other,
the available knowledge-base may result in a quicker bug resolution and decrease the number of
comments.

We perform a manual inspection of the issue reports which contains a link to Stackoverflow
website to examine the extent of textual similarity between the titles of the bug report and the
Stackoverflow question. Our intuition is that textual similarity (term overlap) between issue re-
ports and sackoverflow Q&A can be exploited as linguistic features for developing a Stackover-
flow link and recommendation engine (automating the task of manually searching and navigating
relevant Stackoverflow artifacts). Table 5.9 shows examples of few bug reports from Android issue
tracking system and the title of the linked Stackexchange question (examples in which there is a
link to Stackexchange Q&A in issue tracker discussion forum). Table 5.10 shows examples of a
different type than Table 5.9: cases in which there is a link to an issue report in Stackexchange
comment which is different than having a link from issue report to Stackexchange. Tables 5.9 and
5.10 reveal that there are some terms which are common between the title of the issue report and
Stackexchange question (the common terms between the two texts which are getting compared are
highlighted in bold).
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Table 5.9: Textual Similarity (term overlap marked in bold) between titles (of issue report and SE questions)
for cases in which there is a link from a issue tracker comment to SE Q&A

Issue ID Issue Report Title SE Q&A ID SE Question Title
1 22665 ICS: SDK missing windows

MTP driver
3246 ”MTP USB Device” driver er-

ror (screenshot) when connect-
ing my Galaxy S to my PC in
Kies mode - How can I resolve
this problem?

2 23300 Galaxy Nexus 4.0.2, Verizon -
Erratic vibration for both haptic
feedback and notifications

17135 Notification Vibration Bug on
Galaxy Nexus?

3 30198 Add support for USB ’device
mode’ to android.hardware.usb

22810 USB host port via Android ac-
cessory protocol adapter

4 34833 Android 4.1 DatePickerDialog
Mulfunction

11444238 Jelly Bean DatePickerDialog -
is there a way to cancel?

5 24746 ICS browser loses some input
CSS styling on focus

9005550 Input elements on android 4.x
can not be styled when focused

Table 5.10: Textual Similarity (term overlap marked in bold) between titles (of issue report and SE questions)
for cases in which there is a link from a comment in SE Q&A to an issue report

Issue ID Issue Report Title SE Q&A ID SE Question Title
1 23262 no Wifi on Nexus S after up-

grading to ICS (4.0.3)
17276 WiFi on my Nexus S no

longer works after update to
ICS - How can I troubleshoot
or fix this?

2 3678 Browser does not encode
urls

14370 Webpage not loading in the
Android browser

3 7048 Outgoing Call Waiting Noti-
fication

14333 How do I enable call waiting
notification when I am call-
ing another person?

4 20201 since the latest update on my
incrdible, my phone has dis-
played the ”low on Space”
warning

15666 ”Low on space” warning
with over 50% free

5 6458 Enhancement: Undo 5948 Is there any undo command
when editing any field
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Table 5.11: Motivating examples from Chromium browser dataset showing lexical similarity between the query
and relevant result which is ranked lower in the search result

Motivating Example 1
BR Title Cannot open any HTML select element drop-down with the key-

board
Relevant SO QA How can you programmatically tell an HTML SELECT to drop

down (for example, due to mouseover)?
Rank 81

Top Result keyboard navigation for ajax drop down
Motivating Example 2

BR Title Python test server output must be unbuffered so it doesn’t corrput
gtest output

Relevant SO QA Python output buffering
Rank 117

Top Result Unbuffered subprocess output (last line missing)

Stackoverflow Q&A Link Prediction and Recommendation
Our goal is to investigate solutions to automatically recommend relevant StackOverflow Q&A for
a new bug report as we believe that such a recommendation engine can save developer time in
manually searching (formulating a search string and changing context to StackOverflow website
for querying the search string) and browsing the search result to extract the relevant Q&A artifact.
The recommendation engine can post relevant Stackoverflow Q&A as a comment on the issue
tracker discussion forum. We conjecture that the number of references to community-driven Q&A
website, Web 2.0 platforms and social media websites (refer to Tables 5.4, 5.5, 5.7 and 5.8) are
evidences of the value of such sites as knowledge-bases during bug resolution process and the
barrier to adoption to such sites can be lowered by making it more convenient for developers to
leverage the content (for example by automating the process for information retrieval). The task of
recommending relevant Q&As can be formulated as an information retrieval problem in which the
input to the search engine is a query containing keywords from the bug report title or description
and the document-set to be searched represents the archive of Q&As indexed by the website.
However, the stated problem is non-trivial and poses several technical challenges.

We demonstrate the technical challenge with the help of two motivating examples shown in
Table 5.11. We select two recent bug reports containing links to Q&A on Stackoverflow and
manually search the Stackoverflow.com website by giving the title of the bug report as the query
string. As shown in Table 5.11, we observe that the relevant result (the Stackoverflow Q&A posted
as a comment in response to the bug report) is ranked as 81 and 117 respectively for the two
illustrative examples in our study. We observe that rank of the relevant result is not in Top 10 or
Top 25 despite some term overlap between the title of the bug report (query string) and the title of
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Table 5.12: Accuracy (precision and recall at a predefined cut-off or rank) results for the search with and
without tag-based contextual features (result demonstrating baseline results and improvements over baseline).

Android Android [Tag] Chrome Chrome [tag]
Total Instances 448 448 418 418
Inst. available for Download 404 404 230 230
Does not appear in results 137/404 = 33.8% 132/404 = 32.67% 99/230 = 43.04% 119/230 = 51.73%
Does appear in results 267/404 = 66.2% 273/404 = 67.57% 131/230 = 56.95% 111/230 = 48.26%
Top 10 134/404 = 33.16% 143/404 = 35.39% 68/230 = 29.56% 57/230 = 24.78%
Top 20 149/404 = 36.88% 163/404 = 40.34% 75/230 = 32.60% 59/230 = 25.65%
Top 100 191/404 = 47.27% 217/404 = 53.71% 99/230 = 43.04% 76/230 = 33.04%
Mean (of Top 5000) 268 Rank 212 Rank 340 Rank 203 Rank
90th Percentile (of Top 5000) 1040 Rank 615 Rank 1031 Rank 421 Rank

the relevant Stackoverflow Q&A.
We compute the textual overlap between the title of the bug report and the title of the Stack-

overflow question for the ground-truth dataset (issue reports containing references to Stackoverflow
Q&A). We measure textual overlap in-terms of the percentage of terms in the title (after removal
of non content bearing stop-words) present in the title of the referred Stackoverflow question. Sim-
ilarly, we also measure the textual overlap between the title of the bug report and the tags of the
linked Stackoverflow question. We observe that the textual overlap (lexical similarity) between the
titles is 15.16% and 14.39% for the Android and Chromium dataset respectively. The textual simi-
larity between the bug report title and associated Stackoverflow question is 6.2% and 5.37% for the
Android and Chromium dataset respectively. The results indicate that while there is some textual
overlap (5% − 15%) between the bug report title and relevant Stackoverflow Q&A title and tags,
the overlap is less than 20% motivating the need to investigate non-lexical features (contextual
features) and semantic search techniques for the recommendation engine.

We conduct an experiment in which we provide the title of the issue reports (in the ground-truth
dataset) as a search string to the Stackoverflow Search API9 and measure the rank of the relevant
Q&A (the one referred in the issue report discussion forum) in the search result. Automatically
searching the Stackoverflow.com website with just the title of the issue report and presenting Top
K result to the bug reporter or collaborators serves as a naive (or baseline) recommendation engine.
Table 5.12 displays the result of our experiment and shows the precision and recall (standard per-
formance metrics for Information Retrieval systems) values for the baseline as well as improved
system (application of tag-based contextual features). We can retrieve only Top 5000 search results
for a given query due to the limitations of the Stackoverflow API and hence we can measure the
exact rank of a given Q&A ID only if it appears in Top 5000. The total instance column (refer to
Table 5.12) shows the unique number of issue report IDs and the linked Stackoverflow Q&A. We
refer to the number of records as instances since one bug report can have link to more than one
Stackoverflow Q&A (all are relevant and each unique pair represents an instance).

As shows in Table 5.12, we show the number of cases on which we can perform experiments
9http://api.stackoverflow.com
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5.3. Empirical Analysis

as not all Stackoverflow Q&A were downloadable (either the referred Q&A is removed or unable
to fetch through the API). We observe that for 33.6% and 57% of the instances (Android and
Chromium dataset respectively), the relevant search result was not in Top 5000 (refer to Table
5.12) when the title of the bug report was provided as the query string to the Stackoverflow Search
API. Stackoverflow contains millions of Q&As and we notice that thousands of question titles
have some lexical similarity with the title of the issue report in the ground-truth dataset and hence
just searching the Stackoveflow archive with the issue report title as query string is not enough
to retrieve relevant results. For the Android project dataset, we observe that for 66.4% of the
issue report in the ground-truth dataset, the relevant result was ranked in Top 5000. However, the
precision at Top 10, 20 and 100 (Android dataset) is 33.16%, 36.88% and 47.27% respectively.
Table 5.12 displays the mean and 90th percentile rank (of results in Top 5000) for the baseline as
well as for the system which is an improvement over the baseline.

Stackoverflow.com allows askers to tag10 (a key-word or label) their questions which helps in
question categorization, search (easier to find information which is labeled with meaningful tags)
and makes it easier for subject-matter experts to listen to tags of their interest. We hypothesize
that tags can be exploited as contextual features (as tags are meta-data) to improve the rank of the
relevant document in the search result. We conduct an experiment to investigate if certain tags are
more frequent than others (for issue reports in the ground-truth dataset and the associated Stack-
overflow.com Q&A) so that tag information can be used to increase or decrease the relevance score
of a Q&A with respect to a given issue report title. We notice that 392 out of 404 Stackoverflow
question contains the tag ”Android” and 41, 32 and 23 contains the tag Java, Eclipse and Webview
respectively. Experimental results reveal that there are certain tags which have frequency count of
less than 20: Android-emulator, ADT, Ice-cream-sandwich, Android-fragments and Listview have
a frequency of 13, 11, 10, 10 and 9 respectively (for Android dataset). Similar tag distribution
trend is observed in Chromium dataset. We observe that out of 230 questions in the ground-truth
dataset: the frequency of Google-Chrome, Javascript, CSS, HTML, Google-Chrome-Extension,
HTML5, JQuery, CSS3, Webkit is 109, 72, 31, 28, 22, 17, 13, 10 and 9 respectively.

We hypothesize that tag (meta-data and contextual feature) can be used as additional informa-
tion (in addition to issue report title) while searching for relevant Q&A. We conduct another set
of experiments in which we programmatically search the Stackoverflow.com website using issue
report title as a query string and also specifically mention the most frequently occurring tag as
a parameter (advance search option) to investigate improvements (from the baseline) in the pre-
cision and recall of the information retrieval (recommendation engine). Table 5.12 displays the
experimental results for the baseline (only title as query string) and the enhanced system (using tag
information as contextual features). We observe a minor gain in relevant results retrieved for An-
droid (267 to 273) while a decrease in gain (131 to 111) for that that of Chromium. The decrease
in gain of relevant retrieved results for Chromium is likely due to the nature of the Chromium
project which encompasses aspects which are not unique to chromium like Javascript, CSS3 or
HTML5 leading to linkage of more generic questions in the issue tracking system to Stackover-
flow questions. However, we observe a reduction in the ranks of the documents retrieved both for

10http://meta.stackoverflow.com/tags
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Android and Chromium. The mean rank for Android decreased from 268 to 212 while the 90th
percentile rank decreased from to 1040 to 615. The mean rank for Chromium decreased from 340
to 203 while the 90th percentile rank decreased from to 1031 to 421. In order to confirm, if the
query with title and tag yields better ranks than just title (baseline), we perform a statistical sig-
nificance test. Since we do not exactly know the underlying distribution of our ranks, we choose
Wilcoxon Signed Rank Test as our statistical significance test. Wilcoxon Signed Rank Tests is
a non-parametric paired difference hypothesis test which explains if the population mean-ranks
differ. The Null Hypothesis for Wilcoxon Signed Rank Test says that there is no difference be-
tween the two systems. The p-value for the Android dataset is 1.00530788183 ∗ 10−08 and for the
Chromium dataset is 3.86976175202 ∗ 10−05. For both datasets, p < 0.01 and hence we reject the
H0 with 99% confidence i.e. rank differences are significant viz. title and tag is better than just
title.

5.4 Limitations and Conclusion
The survey results (Table 5.1) has 13 respondents (Software Maintenance Professionals working
on Google Chromium open-source project) and can be influenced by bias (based on individual ex-
periences and beliefs). In future, we plan to conduct survey of more professionals (across multiple
projects) which will result in reducing bias and generalizing our conclusions. The experiments
are conducted on a dataset belonging to two projects (Google Chromium open-source browser and
Android operating system) collected for specific duration. More experiments can be conducted
on dataset belonging to diverse projects (larger dataset, multiple projects of different types) to
investigate the generalizability of the conclusions.

Community-based Q&A websites such as Stackoverflow.com contains answers to millions of
questions (serving as an archive of knowledge-base) on various topics relevant to programmers
and is widely used by software developer community. The study presented in this paper shows ev-
idences of references to Stackoverflow Q&As being posted as comments in threaded discussions
of issue tracking systems of popular open-source projects such as Google Android and Chromium.
Our study reveals that issue tracking system contains links (posted by bug reporters and project
team responsible for bug fixing) to several Web 2.0 platforms and social media websites (such
online discussion forms, video sharing websites and micro-blogging websites). A quantitative
analysis and manual inspection of developer comments around referenced URLs shows the use-
fulness of such websites during bug resolution. Experimental results indicate that the number of
comments in response to bug reports containing references to Stackoverflow is less in contrast to
number of comments in response to bug reports which does not contain links to Stackoverflow.
We conduct a series to of experiments to measure the textual similarity between issue report title
and the associated Stackoverflow question title and tags motivated by the need to develop a recom-
mendation engine to automatically suggest relevant Stacoverflow.com Q&A for a given bug report.
We present results showing precision and recall values for a baseline or naive recommendation en-
gine which consists of using only the title of the issue report as a query string and demonstrate an
improved accuracy result by using tags as contextual features.
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Chapter 6

Samekana: A Browser Extension for
Including Relevant Web Links in Issue
Tracking Systems

In the last chapter, we saw how CQA sites can be integrated with Issue Tracking Systems to im-
prove software maintenance productivity. We also observe that software professionals extensively
browse the Internet to search for relevant content. In this chapter, we aim to bridge the gap and
reduce the context switch during such Internet activity. We recall that URLs are a good indicator
of content quality (Refer Figure 3.15). We deploy this system online system to manage and share
URLs during their daily work flow. Concretely, we analyze URL sharing patterns in Issue Tracking
Systems and build a web browser plugin to help software maintenance professionals organize their
web references.

6.1 Research Motivation and Aim
Issue Tracking Systems (commonly referred to as Bug or Defect Tracking Systems) such as Bugzilla,
Google Issue Tracker, JIRA and Mantis provides a platform to support software maintenance ac-
tivities such as issue reporting, tracking and resolution. Issue (such as a bug report or a feature
enhancement request) tracking and resolution is a social and collaborative process in which an
issue tracker serves as a communication hub and channel between the users, developers and QA
(Quality Assurance) team [40]. Previous research consisting of surveys and feedback from de-
velopers indicate the need of enhancing the capabilities and usability of existing issue tracking
systems by providing additional tool support and functionality solving problems encountered by
the users [77, 140]. The study by Just et al. recommend the need for providing tool support to
collect and prepare information that developers need and making it easy or encouraging users or
collaborators to submit details to bug reports [77]. Issue resolution is a collaborative and knowl-
edge intensive activity. Modern Issue Tracking Systems contain a threaded discussion forum or a
message board for collaborators to post comments and share knowledge.
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Web searching, browsing and navigation, referring to online resources and posting web-links
to resources is not only done during programming but also during issue resolution process. Previ-
ous research shows that developers spent considerable amount of time outside their development
environment and in their web-browser resulting in a context-switch between the development en-
vironment and browser [64] [57] [54] [35] [51] [44]. We observe that issue reports as well as
several comments posted on issue tracking system threaded discussion forums contains web-links
(serving as citations and pointers to knowledge-sources) to several websites. Posting of web-links
and URLs to issue reports as well as issue tracker threaded discussion forum is a common activity
by developers. The broad research motivation of the work presented in this paper is to extend the
capabilities of an existing web-based issue tracking system by providing tool support (through a
browser extension) for issue tracker users (bug reporters, bug fixers and collaborators) enabling
them to conveniently collect and organize reference to knowledge sources (refereed to during bug
resolution) and include it in their comment post.

1. To study how frequently bug reporters and bug fixers conduct web-search before reporting an
issue or resolving a given issue. To conduct surveys of software maintenance professionals
across several projects for the purpose of investigating the usefulness of web-links on issue
tracking discussion forums and their perceptions on the value of a tool to facilitate web-link
saving, organizing and posting.

2. To conduct an in-depth and focused characterization study on web-links in issue tracking
discussion forum. To investigate the extent of presence of web-links in issue reports and
issue tracker discussion forum, top domains referred in the issue tracker, types and categories
of web references and perform statistical analysis such as correlation with bug-fix time and
distribution across different issue types (such as security, crash, clean-up and regression)

3. To develop a tool support (as a browser extension) for bug reports, bug fixers, bug triagers
and quality assurance manager facilitating in easy saving, organizing and posting of web-
links.

Research Contributions
In context to existing work, the study presented in this paper makes the following novel research
contributions:

1. A survey of Software Maintenance professionals from four popular open-source projects
(Google Chromium, Apache OpenOffice, Seamonkey and Mozilla Thunderbird) on the topic
of web-link (references to knowledge sources) sharing in issue tracking discussion forum
(refer to Section 6.2).

2. An in-depth characterization study on URLs and Web-links in Google Chromium Issue
Tracking discussion forums. We frame several research questions and conduct a series of
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experiments (on open-source publicly available dataset) on more than 200000 issue reports
(4 years and 7 months of dataset) to answer the stated questions (refer to Section 6.3).

3. A Google Chromium browser extension (called as Samekana) to help bug reporters, bug
triagers, bug fixers and quality assurance managers in saving, organizing and including ref-
erences to knowledge sources in issue tracking system comment post. The browser extension
is freely and publicly available on Chromium Webstore (refer to Section 6.4).

6.2 Survey of Software Maintenance Professionals
The research work presented in this paper is motivated by the need to investigate solutions to
common problems encountered by Software Maintenance Professionals. We believe that inputs
from practitioners are needed to inform our research and hence we conduct a survey of devel-
opers from four open-source projects. We sent an email with the link to our survey form to the
project mailing lists (for example: chromium-dev@chromium.org) of Google Chromium1, Apache
OpenOffice2, Seamonkey3 and Mozilla Thunderbird4 projects. We received a total of 14 responses
(7 from Google Chromium developers, 2 from Apache OpenOffice developers, 2 from Seamonkey
developers and 3 from Mozilla Thunderbird developers).

Table 6.1 shows the result of the survey consisting of 6 mandatory questions. The results of the
survey (refer to Question 4 in Table 6.1) reveals that 78% of the developers believe that inclusion of
links to references (and relevant knowledge-sources on the Internet) improves (some improvement
to large improvement) the quality of bug report and comments posted as solutions to a reported
bug. Developer responses to Question 6 shows that 71% of developers see some value to high
value (in-terms of enhancing the quality of comments posted in online issue tracking systems) in a
browser or an issue tracking system plug-in which makes it easy to include references or citations
to relevant web-pages (in comments) encountered while doing a web-search before reporting a bug
or posting a solution in response to a bug report. Responses to Question 1, 2, 3 and 5 of Table 6.1
reveals that as bug reports and bug fixers conducting an extensive online search (while reporting
and fixing bugs) and including links (URLs) to relevant knowledge-sources (relevant references
and web-pages on the Internet) is an important and common activity.

1 http://www.chromium.org/
2 http://www.openoffice.org/
3 http://www.seamonkey-project.org/
4 https://www.mozilla.org/en-US/thunderbird/
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6.3 Characterization Study

Experimental Dataset
We conduct experiments on dataset downloaded from the issue tracking system of Google Chromium
Browser project5. Google Chromium Browser is a large, long-lived and complex software open
source project. Google Chromium Browser issue reports are publicly available and hence the ex-
perimental analysis presented in this paper can be replicated by other researchers and used for
benchmarking and comparison. We used Google Chrome issue tracker API6 to download the
dataset.

Table 6.2 shows the experimental dataset details. As shown in Table 6.2, we download 4 years
and 7 months of issue reports (and all the comments in response to the issue reports until April
2013). We download the issue report as well as comments, labels and issue report fields. As shown
in the Table 6.2 we downloaded 207185 issues having 1818790 comments. The number of issues
in the experimental dataset which are labeled as closed is 162665 and number of issues marked as
open is 44520.

We extract all the links (URLs) present in the issues using regular expressions and string pattern
matching. We extract links from issues description (issue or bug report) and issue comments. We
observe presence of many spurious links present in the issue tracking system (URLs such as:
www.foo.bar.com and www.blah.blah.com) and filtered (data cleaning before mining) such links
as they are not relevant (noise) with respect to the analysis done in this study. After removal of
spurious links, we get 113176 links from issue description and 1005928 links from issue comments
(refer to Table 6.2). The number of URLs present in issue report and comments shows that linking
knowledge sources and relevant information present in external sites and applications is a common
phenomenon. Table 6.3 shows distribution of issue reports across total number of links present in
issue description and comment. The result in Table 6.3 reveals that more than 30% of issue reports
have at-least one URL in the issue description itself and more than 60% have at-least one link
in either the issue description or comment. Empirical results (refer to Table 6.3) indicate that
more than 10% of issue reports contain more than 2 links in the description itself and more than
10% of issue reports contain more than 10 URLs in the description or comments.

Domain Categorization and Frequency
We extract domain names (such as chromium.org or google.com) from all the URLs (embedded in
issue report description and comment) in the experimental dataset and identify the most frequent
domains and domain types. We notice that there are 12248 distinct domains in issue descriptions
while there are 9217 distinct domains present in issue comments. Table 6.4 reveals Top 20 domain
names and their frequency counts present in issue report description and comments respectively.
We observe that the Top 20 domains do not belong to any one or two specific categories and
is rather a combination of multiple categories. For example, we notice large number of links to

5 https://code.google.com/p/chromium/issues/
6https://code.google.com/p/support/wiki/IssueTrackerAPI
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websites from software vendors (Microsoft.com), social networking sites (Facebook.com), video
sharing sites (Youtube.com), code development site (github.io), internal developer repositories (go,
crash), sites such as jsFiddle which allows developers to simulate Ajax calls, knowledge sources
as Wikipedia and reference websites such as W3.org. We notice that few links present in the
Top 20 domains in description and comments shows similar distribution (such as google.com,
chromium.org and appspot.com, jsFiddle.com, Wikipedia.org, github.io and w3.org are prevalent
both in comments and description). We observe that few domains are in Top 20 of description
(facebook.com) and not in comments and vice-versa (blogspot.com).

To gain a deeper understanding of various domains and types of domains present in the dataset,
we conduct an analysis of Top 100 domains present in all the URLs extracted from bug description.
We define 13 mutually exclusive categories (such as search engine, software download website,
code development and Q&A website for programmers such as jsFiddle and Stackoverflow.com
respectively: refer to Table 6.5) and classify each domain (only Top 100 domains) to one of the 13
predefined categories. We apply the rule that if a domain is not found to be suitable to any pre-
defined category then we assign it to a category called as other. Table 6.5 shows various categories,
domain categorization and link count (in terms of %) for each of the pre-defined categories for bug
description and comments respectively. Table 6.5 shows that Top 100 domains contribute to
only 70% of all links present in the issue descriptions (there is a large variability in the domain
types and domains). In contrast, the Top 100 contribute 92% of all links present in comments.
Experimental results in Table 6.5 reveals that links to search engines, software repositories used by
the Chromium developer community and code development related as well as reference sites are
among the most popular domain or link types in the issue tracker. We found a similar pattern and
results for Top 100 domains of comments (due to space constraint in the paper detailed results are
not presented for the comments and are provided only for the issue description)

Link Characterization for Different Issue Type
The issue tracker provides bug reporters, triagers and bug fixers a functionality to assign labels
to issues. Issues can be tagged according to their types such as: Security, Performance, Crash,
Polish and Clean-up. We extract labels from issue reports and conduct a study to understand
the similarities and differences in the characteristics of different issue types with respect to the
frequency and types of URLs. Table 6.6 shows the number of issues (in the experimental dataset)
labeled with six different types of issues. We observe that not every issue report is labeled and
hence our analysis is limited to the issues for which a label is assigned.

Table 6.6 reveals that there are more than 10000 issues labeled as Crash. The number of issues
with Crash label is highest among all the categories followed by Regression and Security. Table
6.6 and 6.7 shows frequency count of issue report (and other statistics) containing links in issue
description and issue comments respectively. We compute the average number of links with respect
to each issue description and comments (refer to Table 6.6 and 6.7). Experimental results in Table
6.6 reveals that performance and crash issue types have the highest number of links present in the
issue description. We conduct a manual analysis and visual inspection of the links. We observe
the presence of specific types of links in crash and performance issue description : 57% of links
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in crash issue points to local repositories of developers (refer Table 6.6). Local repositories
are the folders/links that are accessible only to developers, like Go, crash etc. Performance bug
description consists of more than 45% links to performance files/links. Manual analysis of these
links reveals that these are special links used to display performance of various components, and
hence present in most of performance issues.

We count links present in the comments of each of the five issue type. Our findings show that
86% of the security issues have links in comment, which is highest among all the categories
(not considering polish issue type because of insignificant number of issues). This is also much
higher than security issues having links in description. Manual analysis of security issue comments
indicates two possible reasons for presence of large number of links is security issue comments.
The first reason is: 99% of the security issues are marked as closed and hence there is much
higher probability of developers sharing links to source-code files in security issue comments as
compared to other categories (refer to Table 6.7). The second reason is that developers frequently
share links to test files in security issues. Nearly 13% of all the links in security issue comments
are links to test files or folders as shown in Table 6.7. This shows the practice of developers
towards appropriate testing of security issues.

Correlation of Link Count with Comment Count and Bug Fixing Time
We hypothesize that large number of links present in an issue can be an indication of increased
discussion among developers and hence can increase bug fixing time. To test both the hypothesis
we calculate correlation of total links present in issue description and comment with number of
comments present in issue and issue fixing duration. Correlation between number of comment and
number of links is 0.52, relatively higher than the correlation between number of links and bug
fixing time which is 0.18. Figure 6.1 shows scatter plot of average issue fixing time of a bug report
varying with the number of links present in the issue description and issue comment. Similarly
Figure 6.2 shows scatter plot of average number of comments varying with the number of links
present in the issue description and issue comment. Figure 6.1 and Figure 6.2 also plots the Bzier
curve approximation of the points. It is interesting to note that average issue fixing time and
average numbers of comments are slightly increasing with number of link present in the bug
report.

Code Development Trend Analysis
Table 6.4 shows that developers use different types of online environment like github, jfiddle and
html5rocks etc. As shown in Table 6.5, they constitute 2.28% and 0.86% of all links present
in Chrome issue tracker decription and comment respectively. To understand how developers
(or users) preferences of code developent environment have changed with respet to chome is-
sue tracker, we perform trend analysis (programmatically) of 6 most popular code develpemt sites.
Popularity is measured by the number of links present in Chrome issue tracker, more links, more
popular. googlecode.com, jsfiddle.net, jsbin.com, htmel5rocks.com, github.io and khronos.org are
the six sites we analyzed. Our dataset have a span of nearly 4.8 years (Aug-2008 to Apr-2013). We
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Figure 6.1: Scatter plot of average bug fixing time with number of links
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Figure 6.2: Scatter plot of average number of comments with number of links

count for each of the six sites number of links shared by developers in each year. Figure 6.3 and
Figure 6.4 shows trend line of each site for description and comment separately. It is interesting to
see increase in popularity of “jsfiddle” and “github” code development environment. In 2012, 814
and 481 unique links of jsfiddle and github respectively, are shared in chrome issue tracker.
There is also slight increase in the trend line of other code development sites, refer Figure 6.3
and Figure 6.4. jsfiddle is a code development environment that allows users to write and execute
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JavaScript code. Gomez et al. reported similar finding on StackOverflow data, where jsfiddle was
found to be one of the top 3 websites (in terms of unique links shared on StackOverflow) [64].
Trend analysis of code developement sites can be useful for the developers to know about popular
tools and libraries.

Presence of Links to Image Sharing Website in Issue Tracker System
As shown above in Table 6.5 developers frequently share links to image sharing website like
tinypic, flicker, imageshack etc. It is not known why developers tend to share links of image
sharing website or how they are helpful in issue fixing. Manual analysis of 50 random issues re-
port shows that developer share links to this website to share screenshots of problems, as only 7
out of 50 issue reports were about problems related with image sharing website. Discussion with
some of chromium developers revels that links to image sharing website are not much popu-
lar among chromium developers as these links become invalid after some time and information
about the link is lost. Following is a comment of one of the chromium developer:

”links to outside websites eventually stop working (image removed, bandwidth exhausted, etc).
A screenshot attached directly to the report is much more useful. Same thing with log files and
everything else”.

Above result can be helpful to guide and motivating users to upload links of image sharing
websites where content is not lost. Tools support can be provided to users to automatically fetch
images from such link and upload them to issue tracker system.

Link Characterization with Authors, priority and Severity
There are 46960 distinct authors present in our dataset. 19262 authors reported issues consisting of
at least one link in description. As shown in the Table 6.8 14325 authors reported at least one issues
having link. Also there are more than 1000 authors who reported more than 6 issue reports
consisting of links. This shows that posting of web-links to knowledge resources is a practice
followed by several developers and strengthens our motivation to develop a tool like Samekana.
Our goal is make it simple for developers to include links/references in issue tracker system.

Chrome issue tracker allows five level of priority (0 − 4), 0 being highest priority and 4 being
lowest. Similarity Chrome issue tracker allows 4 level of severity (0 − 3), 0 being most sever.
203563 and 19845 issue had priority and severity label in our dataset. We observe slight increase
in presence of links for high priority and high severity issue reports. As shown in Table 6.9 34%
of priority-0 and 35% priority-1 issue reports consists of links, which is marginally higher from
priority-2 (32%) and significantly higher from priority-3 (25%) issue reports. Similarly, 35% of
severity-0 and 31% of severity-1 issue reports have links. We observe increasing trend of links and
severity, percentage of issue reports with links are increasing with increase in severity. This shows
correlation between priority or severity of issue report and presence of link in it, refer to Table
6.9.
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6.4 Samekana Browser Extension
We developed a Chrome Browser Extension7 called as Samekana (programs that can extend and
modify the functionality of the Chrome Browser) and made it publicly available through the Google
Chromium Webstore extension and application distribution marketplace. The browser extension
is freely available for anyone to download and use and currently works on Google Issue Tracker
for the Chromium and Android Projects. The short URL to Samekana is goo.gl/WvLuF or one
can go to the Chrome Webstore 8 and search the store with the Keyword Samekana. The browser
extension can be installed by clicking the ”Add to Chrome” button. Following are the main features
of Samekana.

1. Save and Annotate web-references (while referring to knowledge sources on the Web) rele-
vant to an issue report

2. Organize and Search web-references using Tags and Labels

3. Include web-references (individual or all labeled with a pre-defined tag) in Issue Tracker
Comment Posts

4. Include web-references from Browsing History in Issue Tracker comment Posts

Figures 6.5, 6.6 and 6.7 are snapshot of Samekana browser extension demonstrating the fea-
tures and use-case scenario. Figure 6.5 displays the snapshot of Samekana explaining the annotate
web-reference using tags functionality (window in Figure 6.5 can be launched by clicking on the
save current web-page as a reference button on Samekana main page). Label A in Figure 6.5
shows the text-box the entering the title of the reference (which appears in the reference list of
the discussion forum comment box along with the URL). Label B shows the text-box for descrip-
tion (additional notes and comments to the title) and Label C shows the text-box for specifying
Tags. Tags are labels which are user-defined used to organize and structure web-references within
Samekana (multiple tags can be specified for a reference). As shown in Figure 6.5, once can as-
sign the issue report ID as the tag (in order to organize all web-references related to a specific issue
report in one folder).

Figure 6.6 shows a snapshot of Samekana demonstrating the functionality of editing, delet-
ing, searching and adding individual or all references (for a pre-defined tag) to the issue tracker
comment post. Label D in Figure 6.6 shows the All button for displaying the browsing history
(so that additional references not annotated explicitly can be included if required). A user has the
option to enable or disable reading the browsing history (privacy setting). A user can disable read-
ing of browsing history and save web-references which are explicitly annotated. Label E shows
the search box which can retrieve past references based on simple keyword based search. Label
F shows previously saved references for a particular tag (selected by the user). As shown in the
Figure 6.6, a user can edit or delete any saved reference.

7http://developer.chrome.com/extensions
8https://chrome.google.com/webstore
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Figure 6.7 shows the snapshot of the discussion form comment box of Google Chromium and
Samekana. As shown in Figure 6.7, Samekana browser extension inserts an icon and a message
with the directions while loading the page for an issue on the issue tracker (refer to Label G of
Figure 6.7). Label H of Figure 6.7 shows the list of references (organized like a bibliography
which can be cited similar to in a technical or research paper) included in the comment box as a
result of clicking the include reference link (refer to Label I).

6.5 Limitations and Conclusion
We conduct a survey of software maintenance professionals from four open-source projects and
asked questions to the core developers of the respective projects. However the number of survey
respondents were limited and equal to 14 (due to average response rate) and more responses can
increase the strength of the conclusions from survey results. We conduct empirical analysis (link
characterization study) on dataset belonging to one project (Google Chromium Browser) and hence
one threat to validity of our work is that the results can be biased to the characteristic of one project.

The survey response of Software Maintenance professionals from four open-source projects re-
veal that majority of bug reporters and bug fixers conduct web search before posting issue reports
and their comments. Survey response indicate that presence of web-links (in issue tracker discus-
sion forum) as citations to knowledge-sources and artifacts are useful and there is value in brining
tool support for software maintenance professionals which can facilitate easy saving, organizing
and posting of web-links encountered during bug resolution. A characterization study of web-links
shows a large variability in terms of the websites referred through links in issue tracking discussion
form. The characterization study reveals patterns which we believe are useful to the practitioners
community. We develop a Chromium Browser extension as tool support (publicly available and
freely downloadable) to developers for saving, organizing and posting web-links.
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Table 6.1: Survey Results [14 responses]: Chromium, OpenOffice, Seamonkey and Thunderbird
developers on Web Link (References on Internet) Sharing in Issue Tracking System Discussion
Forum

Q1: As a Bug Reporter do you include links (URLs) to relevant knowledge-sources (relevant
references and web-pages on the Internet) in the bug report?
Not much 28.57%
Sometimes 35.71%
Most of the time 35.71%
Q2: As a Bug Reporter do you conduct an extensive online search before submitting a bug
report?
Not much 35.71%
Sometimes 14.28%
Most of the time 50.00%
Q3: Do you include links (URLs) to relevant knowledge-sources (relevant references and
web-pages on the Internet) when you post solutions in response to bug reports?
Not much 28.57%
Sometimes 57.14%
Most of the time 14.28%
Q4: Do you believe that inclusion of links to references (and relevant knowledge-sources
on the Internet) improves the quality of bug report and comments posted as solutions to a
reported bug?
Not much 21.42%
Some improvement 35.71%
Very much 42.85%
Q5:As a Bug Fixer or Developer do you conduct an extensive online search before posting
solutions in response to bug reports?
Not much 35.71%
Sometimes 28.57%
Most of the time 35.71%
Q6:Do you see a value (in-terms of enhancing the quality of comments posted in online issue
tracking systems) in a browser or an issue tracking system plug-in which makes it easy to
include references or citations to relevant web-pages (in comments) encountered while doing
a web-search before reporting a bug or posting a solution in response to a bug report?
Not much value 28.57%
Some value 64.28%
High value 07.14%
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Table 6.2: Google Chrome browser project experimental dataset details

Field Value
First Issue ID 2
Last Issue ID 237020
Reporting Date of First Issue 30-08-2008
Reporting Date of Last Issue 30-04-2013
Issues Downloaded 207185
Number of Issues re-
stricted/permission denied

29834

Number of Open Issues 44520
Number of Closed Issues 162665
Number of Comments 1818790
Number of links in Issue de-
scription

113176

Number of links in Issue
comment

1005928

Table 6.3: Distribution of Issue reports based on number of links in description and comment,
Desc: Description, Comm: Comment

No of
links
(Desc)

Count
(%)

No
of links
(Desc+Comm)

Count
(%)

1 43680
(21.08)

[1-10] 106837
(51.56)

2 14817
(7.15)

[11-20] 11364
(5.48)

3 4859
(2.34)

[21-30] 3826
(1.85)

4 1612
(0.78)

[31-40] 1774
(0.86)

5 743
(0.36)

[41-100] 2915
(1.41)

6 382
(0.18)

[101-
200]

751
(0.36)

>= 7 811
(0.39)

> 200 385
(0.18)

Total 66904
(32.29)

Total 127852
(61.7)
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Table 6.4: Top 20 domains and their link count in bug description and bug comment, Desc: De-
scription, Comm: Comment

Desc Count Comm Count
google.com 25545 chromium.org 836395
chromium.org 16180 google.com 49597
webkit.org 8918 appspot.com 42251
crash 4543 webkit.org 21939
go 3478 crash 8256
appspot.com 2597 go 1769
w3.org 1659 w3.org 1359
youtube.com 1564 mozilla.org 1238
jsfiddle.net 1430 microsoft 1160
cautotest 843 youtube.com 1042
microsoft.com 760 cautotest 954
chrome.com 726 googleapis.com 911
wikipedia.org 712 github.io 849
github.io 688 chrome.com 809
facebook.com 668 googlecode.com 692
dzview.com 644 blogspot.com 688
mozilla.org 619 jsfiddle.net 645
chromegw 570 wikipedia.org 623
googlecode.com 456 chromegw 538
yahoo.com 438 apple.com 528
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Table 6.5: Categorization of Top 100 domains, Desc: Description, Comm: Comment

Category Domain Name Count
(Desc)

%Total
Links

Count
(Comm)

%Total
Links

Search En-
gine

Google, Yahoo, bing, yandex, msn, app,
baidu

26347 23.28 49980 4.97

Devlopers
Repository

Go, Crash, chromegw, chromebot, issue,
folder, crash-staging, goto, cautotest

9803 8.66 12082 1.2

Video Shar-
ing/Image
Sharing

Youtube, imgur, imageshack, screencast,
vimeo, dropbox, tinypic, flickr, mtv, hulu,
cl

2583 2.28 2138 0.21

Social Net-
work

facebook, twitter, sina, myspace 1044 0.92 520 0.05

E-
commerce

Amazon, ebay 281 0.25 141 0.01

S/W Com-
panies

Microsoft,apple, adobe, oracle 1512 1.34 2090 0.21

Wiki Wikipedia, wikimedia 878 0.78 706 0.07
Code de-
velopment

Satckoverflow, jsfidlet, github, google-
code.com, jsbin, khronos, html5rocks,
whatwg, chromeexperiments, paste-
bin, codepen, jsperf, goo, freedektop,
,w3schools, msdn

2578 2.28 2661 0.26

News cnn, bbc, nytimes, wheather 513 0.45 285 0.03
Other Chromium, webkit, appspot.com,

chrome, mozillla, googleapis.com,
angrybirds, atdmt, launchpad,
s3.amazonaws.com, bt5156, ipark,
greenbytes, popuptest, macromedia, live,
acidtests, dzview, dropboxusercontent,
xkcd

30612 27.05 903296 89.8

Licensing W3, iana, gnu, ietf, irs 2193 1.94 1885 0.19
S/W Down-
load

sourceforge, cnet, java, kernel 388 0.34 464 0.05

blogs Wordpress, googleusercontent, tumblr,
blogspot

537 0.47 878 0.09

OS Genome, ubuntu, gentoo, android 222 0.2 588 0.06
Total= 79491 70.24 977714 97.2
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Table 6.6: Link distribution in different bug type (Description), Desc: Description, Avg: Average,
Perf: Performance files

Issue
Type

No of Is-
sues

Link in
Desc
(%)

Total
links

Avg.
Link
(Per
Desc)

Local
Repos.
(Desc)(%)

Perf.
files
(Desc)
(%)

Crash 10020 5972
(59.6)

9676 0.96 5542
(57.28)

11
(0.11)

Security 2381 1259
(52.88)

2651 1.11 115
(4.34)

7 (0.26)

Regression 9232 3596
(38.95)

6421 0.69 972
(15.14)

666
(10.37)

Performance1434 870
(60.67)

1841 1.28 3 (0.16) 836
(45.41)

Polish 20 1 (5) 1 0.05 1 (100) 0 (0)
Cleanup 49 10

(20.41)
14 0.28 1 (7.14) 0 (0)

Table 6.7: Link distribution in different bug type (Comment), Comm: Comment

Issue
Type

No of Is-
sues

Link in
Comm
(%)

Total
links

Avg.
Links
(Per
Comm)

Total
Com-
ments

Link to
’test’
Files
(%)

Fixed Is-
sues (%)

Crash 10020 6321
(63.08)

43812 6.93 106292 3466
(7.91)

8301
(82.84)

Security 2381 2056
(86.35)

20169 9.81 52801 2665
(13.21)

2363
(99.24)

Regression 9232 6545
(70.89)

50290 7.68 130386 3946
(7.85)

8305
(89.96)

Performance1434 944
(65.83)

10984 11.63 15520 1270
(11.56)

880
(61.37)

Polish 20 18 (90) 143 7.94 287 0 (0) 19 (95)
Cleanup 49 30

(61.22)
3375 112.5 494 547

(16.21)
25
(51.02)
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Table 6.8: Authors and link distribution (Description)

Issues No. of au-
thors

1 14325
2 2282
3 803
4 381
5 243
6 147
>= 7 1081

Table 6.9: link distribution With Respect to Priority and Severity of Issue Report (Description),
Pri: Priority, Sev: Severity

Pri. Issue
Count

Issues
Con-
tain-
ing
Link
(%)

Sev. Issues
Count

Issues
Con-
tain-
ing
Link
(%)

0 3042 1064
(34.98)

0 832 295
(35.46)

1 31686 11139
(35.15)

1 4985 1588
(31.85)

2 156754 50464
(32.19)

2 12150 2833
(23.32)

3 12079 3071
(25.42)

3 1878 388
(20.66)

4 2 0 (0) - - -
Total 203563 65738

(32.29)
Total 19845 5104

(25.72)
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Figure 6.5: A snapshot of Samekana Annotate and Save Reference Feature. Labels: (A) Title, (B)
Description and (C) User Defined Tag

Figure 6.6: A snapshot of Samekana View, Edit, Delete and Post Reference Feature. Labels: (D)
View Browsing History, (E) Search References (F) Edit, Delete and Post References Tag
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Figure 6.7: A snapshot of Issue Tracker Comment Box and Samekana Post Reference Feature. La-
bels: (G) Samekana Label in Issue Tracker, (H) Posted References in Comment Box (I) Samekana
Link to Include References
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Chapter 7

Interaction Based Topic Centric
Community Discovery on Twitter

In the previous two chapters, we focused on systems to enhance content quality. Now, we look
at the third aspect of content quality on Web 2.0 services – Information Retrieval Enhancement.
Here, we exploit quality content in social media to aid effective Information Retrieval. In this chap-
ter, we exploit interactions between individuals on Twitter to discover topic-centric homogeneous
communities.

7.1 Research Motivation and Aim
Over the past decade, there has been a swift rise in the number of users who register on online social
networking websites like MySpace, Facebook, and YouTube. Registered users on these social
networks are provided with various features like reply, comment, subscribe and friendship in order
to interact, engage and share information with each other. Such interactions lead to the formation
of closely knit user-groups or densely connected clusters of users around specific topics within
the social network; these are called communities. The tendency of users to form a community
structure is a significant characteristic of any social network. Community discovery or Community
detection in social networks has many practical applications and hence, is of research interest
to both physicists and computer scientists alike. However, online social networks like Facebook
and YouTube have a large user base and host enormous amounts of data. For example, YouTube
has more than 800 Million unique visitors per month, 100 Million social interactions per week
and more than 48 hours of video is uploaded every minute.1 Due to the existence of such large
scale networks and huge volume of data, community discovery on social networks is a challenging
information extraction (or retrieval) task.

Currently, Twitter is one of the most used and immensely popular social network. Twitter is a
micro-blog which allows registered users to share images, videos and text in short 140-character
limit messages called tweets. Twitter reports that it has more than 100 Million active users with

1http://www.youtube.com/t/press_statistics
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more than 200 Million tweets posted everyday. Previous research shows that Twitterers use Twit-
ter to serve multiple purposes like - share their daily experiences, take part in conversations, share
information (in the form of URLs, images, videos) and report & assimilate news [83]. Hence,
Twitterers with homogenous interests tend to flock together viz. form cohesive self-formed com-
munities. Moreover, these communities rally around specific topics which are of prime inter-
est to Twitterers part of that specific group or community [81]. For example, fans of the well
known American singer Beyonce may form a community around the topic ‘Beyonce’ while fans
of Lionel Messi (Argentina & Barcelona football player) may form a community around the the
topic ‘Messi’. Extraction or discovery of these tight-knit homogeneous communities on Twitter
around specific topics of interest has wide spread real-life applications across multiple domains.
We present two real-word examples to demonstrate our argument :

1. Digital Marketing – Many businesses use Twitter as a marketing tool and implement roadmaps
depending on their Twitter connections [84]. Previous studies have also shown knowledge
of topic-specific communities and it’s key players can aid businesses to efficiently advertise
and market their products [72, 79]. Therefore, the detection of topic-centric communities
can assist digital marketing teams to identify targeted consumer interest groups on Twitter.
Such information could be highly valuable to plan product releases and announcements in
context with the needs of the customer.

2. Law Enforcement Agencies – Twitter is a vibrant platform to engage and share opinions on
varied topics. Twitter like other Web 2.0 technologies also has various advantages like low
publication barrier, anonymity and ease of access. However, these advantages are exploited
by malicious users for malignant activities like cyber activism and promotion of hate speech.2

Previous studies also show that social media is used by malicious users for hate speech
and propaganda [118]. Hence, it has now become paramount for law enforcement agencies
across the world to extract topic-centric communities on Twitter around sensitive topics and
identify the key actors within those communities.

7.2 Technical Challenges
1. Large Scale Network – Twitter is a large scale social network consisting of more than

100 Million registered users. The size of topic-centric communities are much smaller than
the size of the overall network. Thus, discovering topic-centric communities in such large
scale networks is equivalent to finding a needle in a haystack. Previous research in detecting
communities in social media require complete knowledge of the nodes (users) in the social
network [104, 108, 109, 133]. Hence, these methods may not scale to the ever increasing
sizes of current social networks like Twitter. A few solutions in literature have proposed
algorithms for large scale networks but is still an area of active research [102, 130].

2http://www.witness.co.za/index.php?showcontent&global[_id]=74740
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2. Dynamic Nature – More than 200 Million tweets are posted on Twitter everyday and more
than 400,000 new Twitter accounts are created per month.3 Such dynamic nature leads to
rapid changes in formation, evolution and termination of communities. Some approaches
in literature address these issues by taking the dynamic nature of the social network into
account [36, 120, 122, 132].

3. Heterogenous Interactions – Twitter, akin to other social networks like Facebook, pro-
vides its users with multiple ways to interact with each other. These interactions include
follow, reply, mention, retweet and favorite. Due to presence of such multiple interactions,
determining user community association is difficult. In addition, combining all interactions
into one may lead to noisy results as certain interactions may statistically dominate others
and may not reveal the true underlying social structure. Mining heterogenous networks for
community discovery has been relatively less explored in literature and is an open research
problem [120, 121].

4. Community Evaluation – A community has no quantitative definition and hence, is sub-
jective and open to interpretation. The most conservative definition of a community requires
all nodes in the community to be connected to each other. However, real-life social networks
like WWW don’t conform to such conservative definitions [82]. Moreover, it’s not possible
to have a ground truth of the community structures in large scale social networks. Therefore,
there’s a need to evaluate communities in such networks which are devoid of ground truth.
Also, topic-centric communities need to be semantically evaluated with respect to common
topic shared by the community [119]. Various network-based community quality functions
like Modularity have been proposed in literature to measure the quality of a community [98].
Evaluating communities on large scale networks is still a challenge, nonetheless.

The specific research aim of this paper is to investigate the use of local information algorithms
to discover and analyze topic-centric interaction based communities on Twitter to aid real-world
applications like Digital Marketing and Law Enforcement Agencies.

7.3 Research Contributions
1. First focussed study on discovering interaction-based topic-centric communities on Twitter.

To the best of of our knowledge, this is the first empirical study to discover interaction-based
topic-centric communities in Twitter. We use a publicly available Twitter dataset accessible
using a web service and perform empirical analysis on two diverse topics – CAD (Computer
Aided Design) and Kashmir (a disputed region in the northern part of India). We evaluate
the output communities along multiple dimensions to assess the network structure quality
as well as the network semantic quality; which helps throw light on the efficiency of our
approach.

3http://blog.twitter.com/2011/03/numbers.html
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2. Investigation of a community detection algorithm relying on local information to infer topic-
centric community structures on Twitter – The application of the local information algorithm
based on Local Modularity (LM) to discover topic-centric communities is a unique contribu-
tion in context to previous approaches [104, 109, 128, 133]. The LM algorithm embodies a
formal mathematical proof to extract concentric communities around specified nodes within
a network [50]. It also entails the use of an interactive procedure guided by an objective
function to detect topic-specific communities from local signals. The LM algorithm aims
to maximize the structural quality of the community by optimizing a pre-defined objective
function which calculates the density of edges of nodes within a community. The objective
function viz. local modularity is based on the structural properties of the network graph
based on user interactions.

3. Use of heterogenous interactions to represent connections between users – We represent
Twitter as a weighted directed graph where each node signifies a Twitter user and each
weighted edge signifies the total weight of the interaction such as reply, mention or retweet
between the connected nodes. We make use of a publicly available Twitter graph metric
which combines heterogenous interactions like mention, reply and retweet between Twit-
terers . The weight of the directed edge between two users is directly proportional to the
magnitude of interactivity (preserving the direction). For example, a directed edge from user
X to user Y with weight w indicates that user X interacts (replies, mentions, retweets) with
user Y on a strength equivalent to the value of w. The greater the value of w, the greater the
user X interacts with user Y.

7.4 Solution Approach

Twargon – Twitter jargon
Twitter provides many features to registered users to engage in multiple types of interactions with
each other. Here, we briefly mention these features.

1. Follow – Twitter users connect with each other via a subscription based feature called the
Follow. Twitter users can choose to ‘follow’ other fellow users to receive their tweets. For
example, a user X can receive tweets from user Y if X ‘follows’ Y, indicating information
flow from Y to X. The users who ‘follow’ user X are called followers of X and the users
whom X follows are called followees.

2. @-messages – Twitter provides a feature to reply as well as send tweets to other users called
@-messages. For example, a user X can reply or send a tweet to another user Y by writing
@Y (where Y is a username) indicating an information flow from X to Y. Moreover, a
user X can send an @-message to any other public user Z without following Z. An important
distinction to note here is that the direction of information flow using @-messages is opposite
to that of Follow.
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3. Retweet or RTs – Twitter allows its users to repost a tweet using the ReTweet (RT) button or
by copying the previous message and prefixing the characters ‘RT’ to the tweet. An RT by a
user signifies that the tweet is interesting to the user and hence, wants to re-share it. Similar
to @-messages, a user need not follow another public user to RT his tweets.

4. Lists – Twitter users can categorize other users into buckets called lists. Users need not
follow other users to create lists. Lists provide a great way to organize groups of users
connected via a common theme. Lists can be publicly accessible to everyone or private to
the owner.

Problem Statement
We represent Twitter as a directed weighted graph G = (V, E,W). V = {v1 . . . vm} is the vertex set
where vi denotes a Twitter user. E is the edge set where exy denotes a directed edge from vx to vy

where vx, vy ∈ V . W is the set of weights where wxy is weight of the edge exy and wxy ∈ R. Let
I(RTxy,@xy) denote the strength of interaction from user vx to vy based on @ – replies, mentions
and RT – retweet. We create an edge exy iff I(RTxy,@xy) , 0 and we assign wxy = I(RTxy,@xy).
Given a list of topics T = {ti . . . tn} and G = (V, E,W), our goal is to find the set of topic-based
communities C = {Ct1 . . .Ctn} where Cti ∈ G is the Twitter community for topic ti. The notations
used in the algorithm are described in Table 7.1.

Notations Description
G = (V, E) Complete Graph
T = {t1 . . . tn} Set of n topics
C

ti
f inal Final community for topic ti

C
ti
current Current community for topic ti

G
ti
visited

(V ti
visited, E

ti
visited) Final visited graph for topic ti

G
ti
current =

(V ti
current, E

ti
current) Current visited graph for topic ti

Uti Undiscovered nodes for topic ti

Bti Boundary nodes for topic ti

R
ti
C

Local Modularity of C for topic ti

Rvi : vi ∈ U
ti R for community when vi

added to Cti
current

R
vi
max R for community when vmax

added to Cti
current

vmax ∈ U
ti Vertex maximizing Rti

C

Rmax[ . . . ] List containing all Rvi
max

Table 7.1: Notations used and their description
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Algorithm 1 iTop – An algorithm to mine topic-centric interaction based communities on Twitter
Input : T
Output : Cti

f inal , Gti
visited

State : Cti
current,U

ti ,Bti ,Gti
current,U

ti ,Rvi ,R
vi
max,Rmax[. . .]

Method :
1: for ti in T do
2: C

ti
current = search bio(ti)

3: Uti ,Bti ,Gti
current ← expand(Cti

current)
4: while Continue Condition(Rmax[ . . . ] ) is TRUE do
5: for vi inUti do
6: Rvi ← compute localR(Cti

current,B
ti ,Gti

visited, vi)
7: end for
8: R

vi
max ← get maximum R()

9: vmax ← get maximum RVertex(Rvi
max)

10: Update Gti
current, vmax

11: Update Cti
current, vmax

12: Update Bti , vmax,G
ti
current

13: UpdateUti , vmax,G
ti
current

14: add Rvi
max to Rmax[ . . . ]

15: end while
16: G

ti
visited = G

ti
current

17: Cti
f inal = C

ti
current

18: end for

Function 1 : To calculate continue condition
Continue Condition(Rmax[. . .]):

1: ε ← Rmax[−1] − Rmax[−10]
2: if ε ≤ 0 then
3: return FALSE
4: else
5: return TRUE
6: end if

Proposed Approach
Traditional approaches to detect communities of interest require the complete Twitter network G
to be loaded into memory which may be infeasible in practice. Therefore, we investigate the use of
the LM algorithm which makes use of local information to discover communities of interest [50].
Our proposed solution approach adapts the LM algorithm for directed graphs and consists of a
four-block framework – Warm Start, Expand, Filter, Iterate. Our algorithm greedily maximizes an
objective function called local modularity represented by R to find concentric communities around
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an input topic. Algorithm 1 explains - iTop - our proposed solution approach to discover topic-
centric communities on Twitter based on interactions between users. We now discuss the general
four-block framework of our proposed approach.

1. Warm Start – Twitter users once registered are requested to enter publicly available profile
information like Name, Location, URL and Bio. Bio is an internet acronym for the word
‘biography’ whose dictionary meaning is an account of someone’s life. Hence, a Twitter
user’s Bio is a good indicator of his interest and inclination. Therefore, iTop takes a topic ti,
indicating the topic around our community of interest, as input and performs a search on the
Bio of Twitter users. These list of users are a true positive entry point to provide a warm start
to iTop. The use of true positive initial entry points for a warm start has been successfully
used in previous approaches [29, 118]. Line 2 in Algorithm 1 corresponds to this step. We
consider these true positive nodes to be part of our community of interest and we represent
this by Cti

current.

2. Expand – Twitter allows registered users to subscribe to other users’ tweets using the Follow
feature. We manually observe that users on Twitter follow’ many users without interacting
with them. We argue that a network formed using the interactions of users like @-messages
and RTs are a closer representation of actual relationships. Previous work also shows that the
actual social network of users is ‘hidden’ amidst the links declared by users via the Follow
feature [74]. In addition, the goal of this work is to find topic-centric communities to assist
agencies like Digital Marketing and Law Enforcement. Such agencies would like to know
the true social structures of the network. Therefore, in this step iTop expands the users taken
as input from the previous step based on their interactions. iTop adds a directed weighted
edge between two users only if there’s an interaction between them via @-messages or RTs.
For example, iTop adds a directed edge from user X to user Y with weight w only if X has
interacted with Y where w represents the strength of the interaction. Due to the expansion,
we now have Gti

current which consists of two node sets : Cti
current and Uti such that, Cti

current ∩

Uti = φ and Cti
current∪U

ti = V
ti
current. Further, we also haveBti ∈ C

ti
current which contains nodes

which are directly connected to at least one node inUti . Line 3 in Algorithm 1 corresponds
to this step.

3. Filter – In this step, iTop iterates through each node vi ∈ U
ti , taken as input from the previous

step. For each vi, iTop then computes the value of a pre-defined objective function called
local modularity R. Formally, R ∝ 1

Bti and is a measure of the sharpness of Bti [50]. Rvi

calculates the ratio of weighted edges which have no nodes inUti to that of weighted edges
with at least one node in Bti for all vi. The goal is to greedily maximize Rti

C
; therefore Rvi

max

is added to Cti
current. Lines 5-17 in Algorithm 1 corresponds to this step.

4. Iterate – We now repeat steps 2 and 3 until we don’t reach the stopping condition. The
stopping condition checks if Rvi

max is stable or consistently negative. Line 4 in Algorithm 1
corresponds to this step.
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The output of the four-step framework is the final desired community Cti
f inal for the input topic

ti.

7.5 Experimental Dataset and Aids

InfoChimps – Dataset
Twitter provides a REST API service to download publicly available Twitter profiles and their
interactions.But, Twitter imposes a strict 350 requests per hour account-based limit on authenti-
cated API calls and 150 requests per hour IP-based limit on unauthenticated API calls. Due to
these stringent API limits, we looked around for third party services which provide access to Twit-
ter data at relatively lesser restrictions and affordable costs. InfoChimps is a BIG DATA access
provider which allows customers to access their data via a freemium based subscription model. It
provides access to both (free and paid) ready-to-download and API access-based datasets across
multiple domains including social media. InfoChimps maintains a scrape of the Twitter network
graph which is accessible via a RESTful web service. We access the InfoChimps dataset via REST-
Ful web services. The use of such a data does not hamper the generalizability of our experiments
and we work on this snapshot for convenience.

FollowerWonk – Twitter Bio Search
The first step of our algorithm is to search the bios of Twitter users for each input topic ti. Fol-
lowerWonk is an online Twitter analytics service which provides various services like social graph
analysis and visualization, follower relationship performance and specialized Twitter searches on
profile fields like URL, Bio and Location.4 Therefore, the search bio function (Line 2 in Algorithm
1) uses FollowerWonk to receive the initial community Cti

current for the input topic ti.

StrongLinks – Interaction Based Metric
StrongLinks is a metric provided by the InfoChimps API which measures the frequency of inter-
action between two users based on @-messages or RTs.5 StrongLinks API takes as input a Twitter
user and returns a list of up to 1000 users most interacted with. It also gives the total strength
of the interaction which is directly proportional to the frequency of the interaction between the
users. StrongLinks are directional and hence, may or may not be mutual between a pair of users.
Therefore, we use the StrongLinks metric accessible via the REST API and form a directed edge
from user X to user Y iff Y is a StrongLink of X. A Strong Link represents a combination of
heterogenous interactions between two users X and Y. StrongLinks does not reveal the way they
calculate the strength of interactions. However, the goal of our work is not to formulate a new
interaction-based metric but rather to use existing metrics to discover topic-centric communities.

4http://followerwonk.com/
5http://www.infochimps.com/datasets/twitter-graph-metrics-stronglinks
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7.6 Experimental Setup and Results

Setup
Topics T – CAD and Kashmir

We performed case studies on two diverse topics – CAD (Computer Aided Design) and Kashmir
(a disputed region in the northern part of India). We chose these topics to suit two real-world use
cases : Digital Marketing and Law Enforcement Agencies. For example, the digital marketing
department of AutoCAD, a software application for CAD, would like to know the Twitter commu-
nity around the topic CAD. Moreover, the topic CAD also helps us benchmark our results with a
related previous study [81]. Kashmir is a disputed region in the northern part of India and has been
rife with activism since the India-Pakistan partition in 1947. A law enforcement agency may want
to monitor social media websites like Twitter to discover cyber-communities consisting of users
talking about Kashmir.

StrongLinks

StrongLinks measures the degree of interaction between two users depending on their interaction.
The InfoChimps StrongLinks API provides a maximum of 1000 links per user if available. But,
due to limitation of economic resources (for API pricing), we perform experiments by expanding
only top-k strong links in the second-step of the framework in our proposed approach – Expand.
Previous research shows that a person can have roughly 150 stable social relationships in the real
world (famously called the ‘Dunbar Number’) [107]. Studies also show that a person can have 6
close relations, 15 general weekly relationships and 50 monthly relationships. Recent work shows
that these numbers also hold true for Twitter [66]. Therefore, we performed experiments on the
values of k = 6, 15, 50 and 150 viz. expanded only the top-k StrongLinks in the Expand step.
It must be noted that our framework is generalizable and one can choose to expand all available
StrongLinks.

Results
We performed experiments on two topics - ‘CAD’ and ‘Kashmir’. In case of the topic ‘CAD’,
we used the same list of users for a Warm Start as given in [128]. We do this to compare our
approach with the algorithm proposed by Tscherteu and Langreiter. For the topic ‘Kashmir’, we
searched the bio of users using the FollowerWonk service and picked the top 10 users by virtue
of their number of StrongLinks. We then performed the Expand, Filter and Iterate steps of our
framework till the stopping condition was reached. Figure 7.1 and 7.2 show the varying local
modularity values R versus the size of the community. For each run of k, the best R is computed
and compared against other k-runs. A high R value (¿0.7) suggests high structural cohesiveness
and hence, R with the maximum value is the best cohesive community around the topic [97]. For
the topic ‘CAD’, the most cohesive community is formed at 57 nodes with R = 0.71 while for
the topic ‘Kashmir’, the most cohesive community is formed at 133 nodes with R=0.82. In both
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versions, we found R to be poorly performing at k = 150. Overall, we observed that the structural
quality (in terms of R) of a community decreases as the community size increases. Leskovec et
al. observe a similar pattern in a large scale evaluation of social networks [86]. Their results show
that there’s an inverse relationship between community quality and community size and nodes in
large communities ‘blend-in’ to form a community.

Figure 7.1: The graph shows the variation in local modularity R with the values of k = 6, 15, 50, 150 for the
topic ‘CAD’. The best structural community is formed at k=6 with nodes = 58 and R=0.71.

Evaluation
Benchmark Comparison

We compare our proposed algorithm iTop to the network-degree statistic based heuristic algorithm
(we would refer to it as CCD) proposed by Tscherteu and Langreiter [128]. In order to perform
a fair comparison, we adapted the CCD algorithm to make use of the StrongLinks as edges rather
than the follower graph. Therefore, the nodes are represented as Twitter users and the directed
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Figure 7.2: The graph shows the variation in local modularity R with values of k = 6, 15, 50, 150 for the topic
‘Kashmir’.The best structural community is formed at k=15 with nodes = 133 and R=0.8298.

weighted edges are based on interactions. We compare the best versions of iTop viz. k=6 for
‘CAD’ and k=15 for ‘Kashmir’ to the CCD algorithm. We provide both algorithms with the same
Warm Start viz. set of seed users. We use the same stopping condition for both iTop and CCD.
Similar to the earlier versions, we compare the values of local modularity R to decide the winner.
Figure 7.3 shows the comparison of the iTop versus CCD algorithm with respect to the R value.

On both topics, the R values obtained using iTop (k=6 : 0.7177 for ‘CAD’ , k=15 : 0.8298
for ‘Kashmir’) are better than CCD (k=6 : 0.5211 for ‘CAD’, k=15 : 0.3652 for ‘Kashmir’) .
The results show that the CCD algorithm (for both topics) never improves the structural quality
of the community beyond the first step. We argue that the reliance of the CCD algorithm on the
follower graph of the network rather than the interaction graph leads to formation of an in-cohesive
structure. It also confirms that interactions on Twitter based on @-messages, RTs in Twitter reveal
the true underlying social structure.

117



7.6. Experimental Setup and Results

Figure 7.3: The graph shows the comparison of the variation in local modularity R with values of k= 6 for the
topic ‘CAD’ and k=15 for the topic ‘Kashmir’ using the algorithms iTop and CCD.

Topic Based Semantic Evaluation

In order to evaluate if the discovered communities are central to the input-topic we perform a
semantic evaluation. We check the frequently used n-grams in tweets and manually inspect their
semantic relation to the input topic. Infochimps Twitter Wordbag API6 provides a web service
which returns a list of frequently used terms by the user. We retrieve these frequently used terms
for the users in the output community and draw a tag cloud. Figure 7.4 and 7.5 show the tag clouds
for the communities on topics ‘CAD’ ( k=6) and ‘Kashmir’ (k=15) respectively.

We manually inspect the frequent n-grams in the users tweets on the ‘CAD’ Wiki page to check
the semantic relation between terms. For example, in Figure 7.4 the word ‘plm’ is an acronym for
Product Lifecycle Management, a process in which CAD tools are extensively used. The word
‘simulation’ occurs in the tag cloud as CAD is also used to simulate, design and engineer before a
product is released. ‘SolidWorks’ is a firm which provides a 3D CAD software to design graphical

6http://www.infochimps.com/datasets/twitter-wordbag
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Figure 7.4: Tag cloud of the frequently used n-grams for the Twitter users in the community with topic ‘CAD’
(k=6)

prototypes. ‘Siemens’ is a German company which sells PLM software. We perform a similar
manual inspection of the frequently used n-grams in the ‘Kashmir’ community. For example,
the words ‘pakistan’, ‘lahore’ and ‘karachi’ are found in 7.5 as ‘Kashmir’ is a disputed region
between India and Pakistan. ‘Kashmir’ is also a central political topic in Pakistan and hence the
presence of words like ‘news’ and ‘zardari’ (Asif Ali Zardari the current president of Pakistan7).
Therefore, manual evaluations of both communities reveal that frequently used n-grams of users
are semantically related to the input topic.

Empirical Evaluation

We now evaluate the efficiency of iTop based on user profile information on Twitter. We requested
three independent annotators to manually go through each member in the community and check
their profile information like bio, lists and tweets. We then ask them to perform three checks
based on the users tweets – (1) Presence of input topic in Bio, (2) Relevance of user to the input
topic based on tweets (3) Membership or subscription to topic-relevant lists. In each of these
three cases, we ask our annotators to mark either : ‘relevant’ (1) or ‘not relevant’ (0). In case of
conflicts, we arranged a meeting with all the three annotators and discussed the issues ironing our

7http://en.wikipedia.org/wiki/Asif_Ali_Zardari
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Figure 7.5: Tag cloud of the frequently used n-grams for the Twitter users in the community with topic ‘Kash-
mir’ (k=15)

disagreements in the process. Due to the arduous nature of this task, we perform this evaluation for
only the communities with best structural cohesiveness on the topics : ‘CAD’ : k=6 and ‘Kashmir’
: k=15. Table 7.2 shows the summary of the manual evaluation. The seed nodes were excluded in
this evaluation.

Percentage of users
CAD Kashmir
(k=6) (k=15)

Bio contains input topic 17% 0.8%
Relevant to input topic 84% 81%
Members of a topic-relevant list 80% 70%

Table 7.2: The table summarizes the manual evaluation of users across multiple dimensions in the ‘CAD’ (k=6)
and ‘Kashmir’ (k=15) communities.

For both input topics ‘CAD’ and ‘Kashmir’, we observe a very small percentage of users (CAD
: 17% , Kashmir : 0.8 %) which have the input topic in their bio. But, the content posted by these
users show that they are relevant to the input topic. ‘CAD’ contains 84% ‘CAD’-relevant users in
the community while ‘Kashmir’ contains 81% ‘Kashmir’-related users. Moreover, 80% of users in
the ‘CAD’ community are members or are subscribed to a ‘CAD’-relevant list while the ‘Kashmir’
community contains 70% of users in a ‘Kashmir’-relevant list. This shows that iTop is efficiently
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able to discover topic-centric communities even if the user hasn’t explicitly mentioned his interests
in his profile-bio.

Social Network Analysis
Clustering Coefficient, Average Path Length and Graph Density

Figure 7.6 and 7.7 shows the network graph of the topic-centric communities for ‘CAD’ and ‘Kash-
mir’ respectively. We also calculate network statistics for both the communities. Table 7.3 contains
the values of such statistics like Network Diameter, Average Clustering Co-efficient and Graph
Density. We see that the average clustering co-efficient in both communities is high (normal net-
works ∼ 0.3) indicating a strongly connected structure amongst the group. A low average path
length (∼2) also shows that a node in the community can reach any other node in a maximum of 2
hops thus indicating a highly cohesive group. Both networks also display a relatively high graph
density.

CAD Kashmir
(k=6) (k=15)

Nodes 57 132
Edges 1292 4444
Average Degree 22.67 33.67
Network Diameter 5 7
Graph Density 0.405 0.257
Average Clustering Coefficient 0.712 0.54
Average Path Length 1.70 1.94

Table 7.3: The table summarizes network statistics for the topic-centric communities –‘CAD’ (k=6) and ‘Kash-
mir’ (k=15).

Betweenness, Degree Centrality

Users who have Betweenness Centrality act as brokers or information connectors in the community.
Users with high Degree Centrality indicate high connectivity to the community while users with
high betweenness centrality represent single point of failure. Figure 7.8 shows the scatterplot
distribution of betweenness versus degree centrality for the topic-centric community ‘Kashmir’
(k=15). The scatter plot illustrates that users with high degree centrality need not be the nodes with
high betweenness centrality. Such insights can be useful to security analysts in law enforcement
agencies. For example, if a security analyst would like to cripple information flow in a hate-speech
network he should target users with high betweenness centrality rather than the users with high
degree centrality.
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Figure 7.6: The figure shows the network graph of the topic-centric community ‘CAD’ for k = 6.

Authoritative, Hub Centrality

Figure 7.9 and 7.10 shows the top-5 users measured on the basis of authoritative centrality and hub
centrality in the ‘CAD’ (k=6) community. Authorities are users with a high number of incident
links while hubs point to authorities. Authorities and hubs are mutually co-dependent on each
other. Authorities and hubs can give non-trivial community insights to digital marketing analysts
to answer questions like : “Which users lead the community of my product?”, “Who forms the
high tier leaderships in my community?”, “Who are the most influential users using my product?”.
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Figure 7.7: The figure shows the network graph of the topic-centric community ‘Kashmir’ for k = 15.

Core – Periphery Pattern

Core-periphery patterns widely exist in economic markets, organizational structures and scientific
networks [42]. A core periphery consists of two distinct set of user classes : core and periphery.
The core users are important users in the network while the users on the periphery are relatively
less influential. Figure 7.11 shows the core-periphery pattern for the users in the topic community
‘CAD’ based on their betweenness centrality scores. This shows that only a few users in the
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Figure 7.8: The figure shows the scatter plot for betweenness centrality versus degree centrality for the topic-
centric community ‘Kashmir’ (k = 15).

Figure 7.9: The figure shows the top 5 nodes based on their authority centrality for the topic-centric community
‘CAD’ (k = 6).
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Figure 7.10: The figure shows the top 5 nodes based on their hub centrality for the topic-centric community
‘CAD’ (k = 6).

‘CAD’ community hold important positions within the community while a majority of them have
lesser influence. For example, the core users could be targeted by digital market analysts to spread
information about their products and services to the wider community.

7.7 Future Work
Specific Big Data application scenarios like digital marketing and law enforcement agencies would
like to discover or extract user communities around relevant topics. However, they would also like
to know the temporal behavior of these communities. For example, a security analyst or a digital
marketing agency would like to find out answers to questions like - how a community was evolved
over time and intra-community interaction? We plan to study this phenomena, understand if there’s
a particular interaction pattern and develop a model to capture it. In addition, we would also like to
understand the behavior of influential users as well as users who are on the borderline or periphery
of such communities. If such periphery users are detected early, we could develop different ways
to influence their decision in or against the favor of joining the community depending on the
application scenario.

7.8 Conclusion
We present a novel approach iTop to discover topic-centric interaction based communities on Twit-
ter. We experiment on a dataset provided by InfoChimps via a web service and perform a case study
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Figure 7.11: The figure shows the core-periphery layout for the users in the topic community ‘CAD’ based on
betweenness centrality.

on two diverse topics. We evaluate the output of iTop across three dimensions – structural, topic-
semantics and empirical. Results show that iTop can be efficiently used to discover topic-centric
interaction based communities.
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Chapter 8

Tag Recommendation on Social Media

In continuation of the previous chapter for Information Retrieval enhancement, we further look at
a complementary approach to enhance multimedia information retrieval. Concretely, we look at
recommendation of tags (or keywords) on social multimedia websites. We investigate the use of
Twitter to enhance tag recommendation capabilities on social media websites.

8.1 Research Motivation and Aim
Contemporary Web 2.0 websites like social media thrive on user generated content. Each piece
of content is accompanied by various metadata information like time and location. Several so-
cial media websites like Flickr, Youtube and SoundCloud allow its users to add tags (also called
as labels, keywords) to describe the content (photo, video, songs etc.). Tags provide contextual
information and meta data to the content. Therefore, the presence of appropriate tags could
facilitate search, information retrieval, object classification, content discovery and exploration
[39, 78, 80, 95, 126]. However, prior studies show that user supplied tags are insufficient and
low quality in nature [80, 89, 95, 60].

Garg et al. report that most of the time users add very few tags or even none at all. Their study
on Flickr photo sharing system indicates that at least 20% of public photos have no tag at all [60].
Sigurbjornsson and van Zwol report that 64% of the photos have 1-3 tags (a study consisting of
over 52 million publicly available Flickr photos) [114]. Song et al. perform a study on tagging
on CiteULike and report that the average number of tags per paper was 3.35 (a study consisting of
32242 entries, with 9623 distinct papers) [115]. Zhuang et al. reveal that web images are usually
not annotated with proper tags. Several images are completely unlabeled and tags descriptions are
often incomplete [139]. Some previous studies also show that several tags in Flickr are imprecise
and around 50% of the tags are unrelated to the image content [80, 89]. Moxley et al. reveal that
user-generated annotations on web video repositories such as YouTube are not quality-controlled
(annotations are typically incomplete and noisy, incorrect keywords, missing quite a few relevant
ones) [95]. Toderici et al. present a system that automatically recommends tags for YouTube
videos whose titles are too short or whose descriptions and tags are either brief or missing (calling
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the phenomenon as metadata deserts) [126].
These research findings clearly indicate major quality issues with free-form user-provided

web-resource tags on various social media Web 2.0 platforms. The quality of user-supplied web-
resource tags (precision, completeness, quantity, relevance, richness) have a profound impact on
the efficacy of web-search, navigation, browsing and recommendation systems exploiting these
tags for decision making. In order to address the tag quality problem in online social media ser-
vices several techniques have been proposed for automatic tag recommendation and annotation
(the focus of this work) for user-generated web-resources (images, weblogs, songs and videos).
In this work, we propose a Wisdom of Crowd mashup solution framework for tag recommenda-
tion on online social media services. We investigate the use of Twitter to recommend tags for
Flickr1, Photobucket2 (image hosting and sharing), YouTube3, Dailymotion4 (video hosting and
sharing) and SoundCloud5(audio hosting and sharing). The research motivation of this work is to
investigate alternate and effective automated solutions to semantically tag a phenomenal amount
of inadequately annotated user-generated web-resources and address the tag quality problem. The
specific research aim of this research is to investigate the application of mining tweets to seman-
tically enrich the tags of popular image(Flickr, Photobucket), video(YouTube, Dailymotion) and
songs(SoundCloud) sharing services.

8.2 Research Questions
Twitter (defined as real-time information network6) is a very popular and fast growing micro-
blogging service which allows users to post stream of messages of up-to 140 characters in length
(called tweets) and follow other users (called Twitterers). Twitter has attracted worldwide popular-
ity. As of June 2011, on an average there are 200 million tweets posted per day7 and an average
460,000 new accounts were created per day during the month of February 20118. Twitterers also
use various external social media services like Flickr and Photobucket, Youtube and Dailymotion,
SoundCloud in order to share photographs, videos and songs.

Twitter defines hashtags as keywords or topic marked by a user in a tweet 9. Hashtags are
preceded by the # symbol and are used to categorize the tweet. Hashtags can occur anywhere within
the message body and this feature enables convenient searching as users can click on a hashtag in
the tweet to retrieve other tweets in that category. We manually inspected tweets containing URLs
to external social media services (like Flickr, YouTube etc.). We notice that both hashtags and the
tweet content can be used to label the associated multimedia object. Table 8.1 shows illustrative

1http://www.flickr.com/
2http://photobucket.com/
3http://youtube.com/
4http://www.dailymotion.com/
5http://soundcloud.com/
6http://twitter.com/about/
7http://blog.twitter.com/2011/06/200-million-tweets-per-day.html
8http://blog.twitter.com/2011/03/numbers.html
9http://support.twitter.com/entries/49309-what-are-hashtags-symbols
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Table 8.1: Illustrative examples provided as evidences to show that the hashtags and content in tweets have
potential to semantically enhance multimedia retrieval

Tweet Hash Tags Service Media Media Tags
Chimp Photo of the Week:
http://flic.kr/p/ab9NQy #chimp

#chimp Flickr JGI, Jane Goodall, Jane
Goodall Institute, chimp,
chimpanzee, Tchimpounga,
sanctuary

Lovely Heart Curves [#VisualArt #Graph-
ics #Illustration #Math #Curves #Shape]
http://pbckt.com/p5.UEB3Av

#VisualArt #Graphics #Il-
lustration #Math #Curves
#Shape

Photobucket visual art, math curves,
graphics, illustration

Stunning and delicate necklace in #silver ster-
ling #filigree http://pbckt.com/pL.dFmmux

#silver #filigree Photobucket No Tags

The grave of General Anders at the Pol-
ish War Cemetery, Monte Cassino #ww2
http://flic.kr/p/9LgBSq

#ww2 Flickr No Tags

Figure 8.1: Snapshot of photos associated with tweets to illustrate motivating examples in Table 8.1

examples to explain our intuition. Figure 8.1 shows snapshots of photographs to examples in
Table 8.1. Examples I and III show how hashtags in tweets can be used for tag enrichment while
Examples II and IV demonstrate that content in tweets can be used for tag recommendation in the
absence of tags in the associated multimedia objects. Based on our intuition we formulate and
address the following research questions :

• Research Question 1(RQ1): Can hashtags in tweets be exploited to automatically tag ex-
ternal media objects in Flickr, YouTube etc.?

• Research Question 2(RQ2): Can hashtags with content in tweets be exploited to automati-
cally tag external media objects in Flickr, YouTube etc.?

8.3 Methodology
In this section, we describe our solution approach and data collection.
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Figure 8.2: Proposed solution framework for automatic tag recommendation on Flickr, Photobucket, YouTube,
Dailymotion, SoundCloud by exploiting tweets

Solution Approach
Figure 8.2 details our proposed solution framework. The solution approach primarily consists of
two concurrent phases – Phase A and Phase B. The output from both these phases are then passed
to the Evaluation Module to obtain the results.

Phase A

The tweets from the datastore are passed to the Filtering Module. This modules first tokenizes
each tweet using a WhiteSpaceTokenizer10. Next, all tokens containing URLs, stopwords and
@-mentions(which indicate replies to a Twitterer) are filtered out. The above mentioned tokens
wouldn’t enhance or enrich multimedia and hence, we filter out such low quality content. We then
segregate tokens from tweets which contain hashtag(s) from the ones without hashtag(s). We call
these tokens TTH and TTNH respectively.

10http://nltk.googlecode.com/svn/trunk/doc/api/nltk.tokenize.regexp.

WhitespaceTokenizer-class.html
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Phase B

The tweets from the datastore are passed to the URL Parser. The parser filters out the URL and
passes the URL to the Media Web 2.0 API module. This module calls the respective Web 2.0 API
(Flickr 11, Photobucket 12, YouTube 13, Dailymotion 14, SoundCloud 15) and collects the informa-
tion from the media URL. We then segregate media objects which contain tag(s) from ones without
tag(s). We call these MT and MNT respectively.

Evaluation Module

This module takes the input TTH, TTNH and MT, MNT and outputs scores on various evaluation
metrics. Section 8.4 details the evaluation methodology and metrics used.

Data Collection
We use the Twitter Search API16 to collect relevant tweets for our experiments. Table 8.2 shows
the various terms used to query the Twitter Search API. We tried different variations of queries and
selected the ones which gave the most unadulterated tweets in the results. For example, tweets
starting with RT signify Retweet (similar to forward in e-mail). These can essentially be treated
as duplicates and may not semantically enhance the associated multimedia object. Hence, we
filter such tweets from our results. Due to limitations of the Twitter Search API we are able to
obtain 7500 tweets for each social media service. We filter out non-English tweets by using the
iso language code parameter option in tweets as returned by the API. Our approach is language
independent, however, in this work we only perform experiments on English tweets. We then filter
out duplicate tweets by performing a simple string match. The number of tweets for each media
service is given in Table 8.3. For each social media service, we can divide the total number of
tweets into four categories based on the presence or absence of hashtags in tweet and presence or
absence of tags in the associated media object. Table 8.4 details the number of tweets present in
various categories.

8.4 Evaluation
This section discusses the validation technique and evaluation metrics used in our experiments.

11http://www.flickr.com/services/api/
12http://photobucket.com/developer
13http://code.google.com/apis/youtube/1.0/developers_guide_python.html
14http://www.dailymotion.com/doc/api/rest-api.html
15http://developers.soundcloud.com/
16https://dev.twitter.com/docs/using-search
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Table 8.2: Search terms used to query Twitter for different social media services

Service Search Terms
Flickr flic.kr -RT
YouTube youtu.be -RT -

uploaded -liked
-favorited

Photobucket pbckt.com -RT
DailyMotion dai.ly -RT
SoundCloud snd.sc -RT

Table 8.3: Dataset size for different social media services

Service Number of Tweets
Flickr 2833
YouTube 2280
Photobucket 1487
DailyMotion 290
SoundCloud 5796

Table 8.4: Tweets belonging to different buckets depending on the presence or absence of hashtag and presence
or absence of tags associated with media objects

Tweets

Media Type Service Media With Hashtags Without Hashtags

Video

YouTube
with Tags 656 1566

without Tags 14 44

Dailymotion
with Tags 65 196

without Tags 5 24

Image

Flickr
with Tags 613 1470

without Tags 160 590

Photobucket
with Tags 24 569

without Tags 92 802

Music SoundCloud
with Tags 189 2944

without Tags 118 2545
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Validation Technique
In order to perform validation on our dataset of tweets, as described in Table 8.4, we see two
possible cases. Tweets : (i) with tags in associated media objects and (ii) without tags in associated
media objects. For (i), we use an automated technique while for (ii) we use a manual technique.
We now explain these techniques and motivation behind using them.

Automated Technique

One of the methods to measure the efficacy of an automated tag recommendation system is to
compare the output of an automated solution against dataset which is pre-annotated or pre-tagged
(a test dataset containing the ground-truth, web-resources tagged by the owner or the user who up-
loaded the object on the social media). Song et al. use evaluation metrics such as top-k accuracy,
exact-k accuracy, tag-recall and tag-precision and assess the performance of their technique based
on presence of tags recommended by their algorithm in the tag-set annotated by the user [115].
There are some limitations of this validation approach as a tag recommended by an automated
solution not being present in the pre-annotated dataset does not mean that the tag is not relevant.
Previous studies report that the average number of tags on web-resources is low (between 0-4)
[60][114][115]. This naturally decreases the probability of a match between the predicted output
and actual output for such resources. Also, due to presence of synonymy and morphological vari-
ations in natural language, a concept match may not mean a match in terms. However, we believe
that the percentage of predicted tags by our technique being present in the pre-annotated tag-set
(by the web-user) is a reasonable indicator on the quality of the automatic tag recommendation
technique.

In this technique, we perform a simple string match by tokens obtained from tweets with tags
obtained from the associated media (MT). We observe that a lot of tweets in our dataset are auto-
generated due to user accounts from external social media services being linked (sharing of Activ-
ity Feed) to Twitter. Such tweets generate a common hashtag like #Snapbucket for Photobucket
and #SoundCloud for SoundCloud. We do not consider such hashtag(s) from the tweets while
performing the validation.

Manual Technique

As discussed by Garg et al., one of the ways of evaluating the efficacy of a tag recommendation
system is manual validation by users or human annotators [60]. While manual validation of system
output by users has been a scientifically acceptable form of performance evaluation methodology,
it is not perfect due to inherent subjectivity, missing context, human errors, different guidelines,
different senses, disagreements between annotators and ambiguities. Garg et al. mention that what
is considered relevant tag to a given picture (and just the picture without any context or back-
ground information) can vary from user to user due to difference in perception [60]. We agree that
validation by few users is not perfect but we also believe that accuracy results based on manual val-
idation can still provide useful insight into the quality of tag recommendation techniques. Hence,
user validation can aid evaluation of automatic tag recommendation systems.
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Figure 8.3: Snapshot of photos associated with tweets to illustrate semantic enhancement of images using tweet
content

In this technique, we ask annotators to check if tags recommended by our system semanti-
cally enhance the information in the associated multimedia object. A tag semantically enhances
the associated media object if it provides more information than currently present tags, title and
description in the media object. Figure 8.3 shows some examples describing positive and negative
cases of semantic enhancement.

Evaluation Metrics
In order to formalize the evaluation metrics – Overlap Count, Average Overlap Percentage and
Relevance Score we first define the following.

HTi = Set of Hashtags in Tweeti

Ti = Set of media tags corresponding to Tweeti

TTi = Set of tokens in Tweeti

N = Total number of Tweets

We now define evaluation metrics for each of the two validation techniques viz. automated and
manual.

Automated

We use two metrics to evaluate our tag recommendation system – Overlap Count (OC) and Average
Overlap Percentage (AOP). We define them as follows:

Overlap Count (OC) Overlap Count measures the number of overlaps of tags recommended by
our system with the tags present in the associated media object.

OC = ΣN
i=1|HTi ∩ Ti|
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Table 8.5: Experimental Dataset (X= { Y: YouTube, D : Dailymotion, F : Flickr, P: Photobucket, S : Sound-
Cloud} , DXi denotes number of tweets containing URLs of X to answer RQi, ∀i = {1, 2})

Validation Technique

Service Media No. of tweets Automated Manual

YouTube
DY1 656 14
DY2 656 + 1566 = 2222 14 + 44 = 58

Dailymotion
DD1 65 5
DD2 65 + 196 = 261 5 + 24 = 29

Flickr
DF1 613 160
DF2 613 + 1470 = 2083 160 + 590 = 750

Photobucket
DP1 24 92
DP2 24 + 569 = 593 92 + 802 = 894

SoundCloud
DS1 189 118
DS2 189 + 2944 = 3133 118 + 2545 = 2663

Average Overlap Percentage (AOP) In order to calculate Average Overlap Percentage, we first
calculate OC of each tweet per number of tokens in that tweet (TTi). We then take percentage
average across all tweets.

AOP = ( ΣN
i=1

(
|HTi ∩ Ti|

|TTi|

)
/N ) ∗ 100

Manual

In the manual validation technique, we use Relevance Score (RS) to evaluate our tag recommen-
dation system. We define them as follows:

Relevance Score (RS) Relevance Score measures the average number of relevant tags by our tag
recommendation system with respect to the associated multimedia object.

Ri =


1 if content of Tweeti is marked

relevant by annotators
0 otherwise

RS =
ΣN

i=1Ri

N
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8.5 Results
In order to address the research questions given in Section 8.2 with appropriate validation tech-
niques (automated and manual), we divide our dataset into four buckets for each media service.
Table 8.5 describes the number of tweets present in each bucket for each media service and corre-
sponding validation technique. We use the following four cases to detail the same:

* Case I : RQ1-Automated In this case, we consider those tweets which contain hashtags and
the corresponding media also contains tags. In Table 8.5, {DY1, DD1, DF1, DP1, DS1}–
Automated cells represent the number of tweets corresponding to this case. Example I of
Table 8.1 illustrates this case. We perform automated validation as discussed in Section 8.4.
We report our results on the overlap count and average overlap score metrics for this case.

* Case II : RQ2-Automated In this case, we consider those tweets which may or may not
contain hashtags but the corresponding media contains tags. In Table 8.5, {DY2, DD2, DF2,
DP2, DS2}–Automated cells represent the number of tweets corresponding to this case. Ex-
ample II of Table 8.1 illustrates this case. We perform automated validation as discussed in
Section 8.4. We report our results on the overlap count and average overlap score metrics
for this case.

* Case III: RQ1-Manual In this case, we consider those tweets which contain hashtags but
the corresponding media doesn’t contain tags. In Table 8.5, {DY1, DD1, DF1, DP1, DS1}–
Manual cells represent the number of tweets corresponding to this case. Example III of
Table 8.1 illustrates this case. We perform manual validation as discussed in Section 8.4.
We report our results on the relevance score metric for this case.

* Case IV: RQ2-Manual In this case, we consider those tweets which may or may not con-
tain contain hashtags and the corresponding media doesn’t contain tags. In Table 8.5, {DY2,
DD2, DF2, DP2, DS2}–Manual cells represent the number of tweets corresponding to this
case. Example IV of Table 8.1 illustrates this case. We perform manual validation as dis-
cussed in Section 8.4. We report our results on the relevance score metric for this case.

Table 8.6 shows results on evaluation metrics (OC, AOP) for the automated validation tech-
nique and Table 8.7 shows results on evaluation metric (RS) for the manual validation technique.

The Overlap Count and Average Overlap Scores in Table 8.6 suggest that there’s a high amount
of overlap between tweet content (with or without hashtags) and the associated media tags. The
Relevance Scores in Table 8.7 demonstrate that tweet content (with or without hashtags) can be
used to semantically annotate and enrich associated multimedia objects.

8.6 Discussion
Our solution employs a Wisdom of Crowd mashup framework for social tag recommendation.
Our solution is language independent and hence, can be used to recommend multi-lingual tags on
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Table 8.6: Evaluation Metrics for Automated Validation Technique (OC : Overlap Count, AOP : Average Over-
lap Percentage)

Evaluation Metric

Service Media Overlap Count (OC) / Number of Tweets Average Overlap Percentage (AOP)

YouTube
RQ1 133/656 1.92
RQ2 1883/2222 5.17

Dailymotion
RQ1 12/65 1.88
RQ2 360/261 17.71

Flickr
RQ1 420/613 7.78
RQ2 1580/2083 5.58

Photobucket
RQ1 17/24 9.45
RQ2 530/593 17.14

SoundCloud
RQ1 18/189 0.89
RQ2 4508/3133 15.41

Table 8.7: Evaluation Metrics for Manual Validation Technique

Relevance Score

YouTube Dailymotion Flickr Photobucket SoundCloud
RQ1 85.71% 40 % 79 % 40.91 % 57.84 %
RQ2 84.48% 29.62% 53.86% 37.02 % 62.59 %

social media services. Our tag recommendation system could be used to enhance Information Re-
trieval systems like news recommendation, online shopping and personalization of online content.
However, a more sophisticated algorithm to selectively choose content from tweets as tags could
be used to improve the quality of recommended tags. Also, the coverage our system would be
high for multimedia objects only on external social media services which are frequently shared on
Twitter. Hence, our technique is a complementary approach to the existing work on automatic tag
recommendation systems.

8.7 Conclusion
We present an approach to automatically recommend tags on social media services. The proposed
approach employs a crowdsourcing framework by mining Twitter to recommend tags on image,
video and audio sharing services like Flickr, Photobucket, Dailymotion, YouTube and SoundCloud.
We use a hybrid technique to perform validation and propose appropriate evaluation metrics cor-
responding to the techniques. The results show that content of tweets can be used to recommend
tags on various social media services.
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Chapter 9

Summary

In this chapter, we conclude by providing a brief summary of the contributions in context with the
thesis objectives. In this thesis, we have three objectives with respect to content quality on Web 2.0
services – (1) Low Quality Content, (2) Content Quality Systems and (3) Information Retrieval.
We summarize the specific contributions across each of these aspects.

9.1 Low Quality Content
We look at low quality questions on Stackoverflow - a popular programming based CQA site.

1. We look at closed questions on Stackoverflow which are by definition deemed unfit for its
Q&A format and hence, low quality. We analyze these questions and try to understand
various aspects like community participation and temporal patterns. We also build a machine
learning based system to detect a closed question at question creation time based on profile,
stylistic, community process and content based features.

2. We also look at deleted questions on Stackoverflow which are removed from the site for
being very poor in quality. We analyze such questions for aspects like user deletion patterns
and discover a pyramidal structure of question quality. We also build a machine learning
based system to detect a deleted question at creation time based on variety of features.

We address the problem of low quality content on collaborative crowdsourced question answer-
ing websites and try to build systems to detect such content to help the users and gatekeepers of
the community. In both studies, we make data publicly available for research purposes.

9.2 Content Quality Systems
In both the previous studies, we make the two critical observations – (1) content quality has differ-
ent levels of “poorness” factors and (2) content quality is directly linked to characteristics involving



9.3. Information Retrieval Enhancement

daily work flow. In this part, we look to improve the daily workflow of the user and hence, enhance
user experience which in turn helps the user to contribute better quality content. Therefore, We
build two systems – CQA recommendation enginge and a Web reference management browser
plugin – to help improve quality on Issue Tracking Systems used during the software maintenance
process - Issue Trackers.

1. We perform a survey of software maintenance professionals from two large and popular open
source projects – Google Chromium and Android. We motivate the need of CQA usage by
looking at discussions in Issue Tracking Systems. We build a recommendation system to
suggest relevant CQA questions in an Issue Tracker System thus, reducing the context switch
for developers during maintenance.

2. We conduct a survey to understand web browsing patterns of software developers during
the maintenance process. We find that bug fixers frequently use the Internet to search for
references and use them during daily tasks. We analyze such references to gain insights.
In addition, we build a web browser plugin – Samekana – to help software maintenance
professionals manage references in an Issue Tracking System. The browser plugin is publicly
available to download and use.

Overall, we propose some solutions to enhance content quality on Issue Tracking Systems –
an artifact which is regularly used during the software maintenance process. We plan to make our
data publicly available for research purposes.

9.3 Information Retrieval Enhancement
In this part, we look at the IR aspect of content quality. Specifically, we look at two aspects
to enhance IR - (1) Tag recommendation to enhance metadata of content and (2) Utilization of
quality content to discover social communities.

1. We recognize that tags are an important source of information to enable Information Re-
trieval on social media. We propose an alternative recommendation approach to suggest
tags on social media. Specifically, we look into the use of Twitter to suggest tags for linked
photos, images etc. on external social media sites.

2. We utilize interactions made by users on a social network to discover topic-specific commu-
nities. We look at a memory mindful solution that does not require the entire social network
graph to be loaded into memory. We test our approach on Twitter and show that interactions
are useful quality enablers to discover implicit topic-based communities.

In this contribution, we investigate novel approaches to enhance quality on social media to aid
Information Retrieval tasks. We look into two quality indiciators – tags and social interactions –
and show the usefulness of our approach.
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