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Community-based Q&A

• Devs more and more seek technical support 
from experts other than teammates
– Before: mailing lists and web forums
– Now: question-and-answer sites

• Benefits
– Often answered within minutes
– Gamification leverages 

community participation
– Skills acknowledgment 



A shift in Q&A sites purpose

Platforms originally aimed at 
providing quick solutions to the 

information seeker

Platforms supporting the process 
of community-driven knowledge 

creation

Anderson et al., Discovering Value from Community Activity on Focused Question 
Answering Sites: A Case Study of Stack Overflow, KDD 2012 

Short-term value, 
mostly for the or

original asker

Long-term value, 
for a broader 

audience



Technical Q&A sites

• Important for SE from both professional and 
educational perspective

• Stack Overflow has ~40M visits per month [1] 
– 16M from professional developers
– 70% report to be self-taught devs

• Developers read manuals less and less, they 
rather “search” [2]
– E.g., SO covers ~87% of Android API [3]
– E.g., API augmented with contextual insights from 

SO [4]

[1] http://stackoverflow.com/research/developer-survey-2016
[2] M. Shaw, Progress Toward an Engineering Discipline for Software, ICSE 2016 Keynote
[3] C. Parnin et al., Crowd documentation: Exploring the coverage and the dynamics of API discussions on Stack Overflow, Georgia IT, Tech Report 2012
[4] C. Treude and P. Robillard, Augmenting API Documentation with Insights from Stack Overflow, ICSE 2016 
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EmoQuest: Investigating the 
Role of Emotions in the Social 
Programmer Ecosystem
• RQ: getting emotional 

while communicating with 
developers: good or bad?

• Model: combining message 
properties, social factors, and 
affective factors

• Output: 
– Evidence-based netiquette
– SE-specific sentiment analysis tool 

and emotion classifier

Collaborative Development Group @UniBa
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ABSTRACT 
Today, people increasingly try to solve domain-specific problems 
through interaction on online Question and Answer (Q&A) sites, 
such as Stack Overflow. The growing success of the Stack 
Overflow community largely depends on the will of their 
members to answer others’ questions. Recent research has shown 
that the factors that push members of online communities 
encompass both social and technical aspects. Yet, we argue that 
also the emotional style of a technical question does influence the 
probability of promptly obtaining a satisfying answer.  
In this paper, we describe the design of an empirical study aimed 
to investigate the role of affective lexicon on the questions posted 
in Stack Overflow.  

Categories and Subject Descriptors 
H.1.2 [User/Machine Systems]: Human factors  

General Terms 
Design, Human Factors. 

Keywords 
Online Q&A, Technical Forum, Sentiment Analysis, 
Experimental Design, Stack Overflow. 

1. INTRODUCTION 
The worldwide diffusion of social media has profoundly changed 
the way we communicate and access information. Increasingly, 
people try to solve domain-specific problems through interaction 
on online Question and Answer (Q&A) sites. The enormous 
success of Stack Overflow (SO), a community of over 3 million 
programmers asking questions (~7 millions) and providing 
answers (~13 millions) about software development, attests this 
increasing trend. Launched in 2008, Stack Overflow is now part 
of Stack Exchange, a fast growing network of more than 100 
Q&A sites about a broad range of topics, from academic life to 
traveling and gaming, which originated from the success of Stack 
Overflow itself.  

The growing success of Stack Exchange communities largely 
depends on the will of their members to answer others’ questions.  

Although the factors that push members of online communities to 
help others are not entirely understood, they include social aspects 
(i.e., who is looking for help and their status in the community) 
[1] and technical aspects (i.e., what is being requested) [23]. Only 
recently, research has begun to investigate linguistic factors too, 
looking at how individuals write their help requests [1][16]. For 
instance, one of the biggest challenges in communicating through 
social media is to convey sentiment appropriately through text. 
Although display rules for emotions exist and are widely accepted 
for traditional face-to-face interaction, people might not be 
prepared for effectively dealing with the barriers of social media 
to non-verbal communication.   

The goal of the research presented here is to understand the role of 
emotions in Stack Overflow. In particular, we argue that the 
emotional style of a technical question influences the probability 
of obtaining a satisfying answer as well as the response time (i.e., 
the time elapsed between the posting of a question and its 
accepted answer).  
The popularity of Stack Overflow has made available a huge 
amount of interactions, written in natural language. As such, many 
researchers have started to analyze such data to understand the 
drivers of effective knowledge sharing, i.e., the main topics being 
discussed [4][5], which questions are answered properly [23], and 
which ones remain unanswered [2]. Another important issue being 
investigated by current research is the assessment of the quality of 
answers. Hart and Sarma [12] investigate how social cues and text 
length influence the way novice users filter and select answers on 
Stack Overflow. Treude et al. [23] investigated the way 
programmers pose and answer questions. Their preliminary 
findings indicate that Stack Overflow is particularly successful in 
replying to how-to questions posed by new community members. 
Finally, Asaduzzaman et al. [2] investigated the factors 
determining the success of questions and try to determine whether 
it is possible to predict how long a question will remain 
unanswered.  

Unlike the increasing interests of software engineering researchers 
on sentiment analysis and emotion mining [7][17], existing 
research on online Q&A sites has not taken into consideration the 
potential contributions from the field of affective computing. 
Recent research on social media-based interaction has already 
demonstrated a tendency towards emotion homophily, that is, the 
propensity of people to share similar emotions when interacting 
on general-purpose social networks [21]. Expression of gratitude, 
urgency and reciprocity has been also demonstrated to be a factor 
of success for altruistic requests on online social communities, 
such as Reddit.com [1]. Pletea et al. [19] performed a study on 
sentiment analysis of comments in GitHub discussion on security, 
assigning positive/negative/neutral scores to comments and pull 
requests from 90 GitHub projects. The findings show statistical 
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Abstract— Recent research has shown that drivers of success in 
online question answering encompass presentation quality as well as 
temporal and social aspects. Yet, we argue that also the emotional 
style of a technical contribution influences its perceived quality. In 
this paper, we investigate how Stack Overflow users can increase the 
chance of getting their answer accepted. We focus on actionable 
factors that can be acted upon by users when writing an answer and 
making comments. We found evidence that factors related to 
information presentation, time and affect all have an impact on the 
success of answers. 

Index Terms — Online Q&A, Sentiment Analysis, Knowledge 
Sharing, Human Factors. 

I. INTRODUCTION 
The enormous success of Stack Overflow (SO) provides 

data scientists with a huge amount of data about online 
question answering (QA). Our investigation aims to provide 
guidelines for writing high-quality contributions and inform the 
design of tools that support effective knowledge sharing. In this 
paper, we investigate how an information provider can increase 
the chance of getting his answer accepted in SO. In particular, 
we focus on actionable factors that can be acted upon by 
community members when contributing to answering a 
question. Hence, our first research question is formulated as 
follows: 
RQ1 – Which actionable factors predict the success of a SO 
answer?  

Social and temporal aspects are among the success factors 
of an answer [1][4], depending on the answerers’ level of 
expertise and their engagement in the community. More 
recently, research has begun to investigate linguistic factors too, 
looking at how answers are formulated [5][7]. In addition, we 
argue that the path to effective question answering and 
reputation building passes through emotions too. There is an 
increasing attention to the impact of emotional awareness on 
effective collaboration [5][8]. However, existing research on 
online QA sites has not taken into full consideration the 
potential contributions from the field of affective computing, 
with the only notable exception of a large-scale sentiment 
analysis study on Yahoo! Answers [9]. Therefore, we 
formulate our second research questions: 
RQ2 – Do affective factors influence the success of a SO 
answer?  
 While previous research has mostly focused on time, 
reputation and presentation quality, our study is the first one to 
investigate the impact of affective factors on the success of 
answers in SO. This study is part of our ongoing research on 
investigating the role of emotions in community-based QA, 

and their impact on effective knowledge creation and sharing 
[11]. 

II. SUCCESS FACTORS FOR ANSWERS 
 The actionable factors in our model include presentation 
quality, affect and time. Social factors are also added as a 
control dimension, due to the evidence of their impact on 
success [1][4]. In the following, we present the predictor 
variables for each factor in our framework.  

A. Presentation Quality  
Writing a good answer in SO involves successfully 

complying with the community standards of presentation 
quality. SO uses a set of simple textual metrics to pre-filter low 
quality posts including Length (# characters), Uppercase Ratio, 
and URL Count. Therefore, we included these metrics in our 
framework to capture the presentation quality of an answer. 
Previous research [15] also found that code snippets affect the 
success of SO questions. We then consider the Presence of 
Code Snippets (binary variable) as a predictor for the success of 
SO answers.    

B. Affect 
Displaying emotions is common in face-to-face interaction. 

However, people might not be prepared for effectively dealing 
with the barriers of social media to non-verbal communication. 
This clearly emerges in discussions where users complain 
about harsh comments from experts1. Moreover, SO guidelines 
include a ‘Be nice’ section2 in which users are invited to be 
patient and avoid offensive behavior. Furthermore, previous 
research on success of questions has shown how strong 
negative emotions in follow-up discussions discourage 
participation [2]. Accordingly, we consider textual cues for 
affective states among the potential factors of success for an 
answer. Specifically, we consider metrics describing the overall 
polarity (positive vs. negative) and intensity of the sentiment 
expressed in an answer (Answer Positive/Negative Sentiment) 
and related comments until the acceptance (Comment 
Positive/Negative Sentiment).  

To capture the sentiment of answers and comments, we use 
SentiStrength [14], a state-of-the-art tool already employed in 
social computing [6][9], which is capable of dealing with short 
written informal, including abbreviations, intensifiers and 
emoticons. Based on the assumption that a sentence can convey 

                                                             
1"http://meta.stackexchange.com/questions/179003/stack:exchange:is:
too:harsh:to:new:users:please:help:them:improve:low:quality:
po/179009#179009"
2"http://stackoverflow.com/help/be:nice"
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Structured Abstract  

 
Purpose – Nowadays, people increasingly seek information and ask for help on Question 
and Answer (Q&A) sites. The enormous success of Stack Exchange1, a constantly 
growing network of Q&A sites, attests this increasing trend. The success of Q&A mainly 
depends on the will of their members to provide good quality answers to others’ 
questions. We investigate the success factors of Q&A that is those factors that foster 
effective knowledge creation and sharing. In particular, we focus those factors that can be 
acted upon by contributors when writing a question. 
 
Design/methodology/approach – Based on literature in the domain, we build an 
empirical model of the factors that predict the chance of getting a useful answer when 
asking a question on a Q&A site. The actionable factors in our model are grouped into 
three categories of features: Presentation Quality, Time, and Affect. We use a multivariate 
logistic regression framework for estimating the probability of success of a question 
based on our set of predictors, that is the metrics that operationalize affect, time and 
presentation quality. Stack Exchange makes user-contributed content freely available2 
under Creative Commons license, which we use in our empirical studies.  
 
Originality/value – Previous research shows how the success of a question depends on 
its presentation quality (Treude et al. 2011, Asaduzzaman et al. 2013), on the day and 
time in which it is posted (Bosu et al. 2013), and on the asker’s reputation (Althoff et al. 
2014). The influence of affective factors is less evident. However, we argue that the path 
to effective question answering also involves consideration of emotions (Novielli et al., 
2014). Our ongoing research aims at filling this gap in literature by further investigating 
the role of affect in Stack Exchange. 
 
Practical implications – The expected output of this ongoing research will be a user-
driven netiquette for online Q&A sites. It will shed new light on how emotion expression 
facilitates or impairs effective knowledge sharing, leading to guidelines for fostering 
emotional awareness computer-mediated interactions.  In details, we aim at defining new 
                                                 
1 http://stackexchange.com/ 
2 https://archive.org/details/stackexchange 
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ABSTRACT
A recent research trend has emerged to study the role of affect in 
in the social programmer ecosystem, by applying sentiment 
analysis to the content available in sites such as GitHub and Stack 
Overflow. In this paper, we aim at assessing the suitability of a 
state-of-the-art sentiment analysis tool, already applied in social 
computing, for detecting affective expressions in Stack Overflow. 
We also aim at verifying the construct validity of choosing 
sentiment polarity and strength as an appropriate way to 
operationalize affective states in empirical studies on Stack 
Overflow. Finally, we underline the need to overcome the 
limitations induced by domain-dependent use of lexicon that may 
produce unreliable results.

Categories and Subject Descriptors
H.1.2 [User/Machine Systems]: Human factors

General Terms
Human Factors.

Keywords
Online Q&A, Technical Forum, Sentiment Analysis, Stack 
Overflow, Social Programmer, Social Software Engineering

1. INTRODUCTION
Software engineering involves a large amount of social 
interaction, as programmers often need to cooperate with others, 
whether directly or indirectly. However, we have become fully 
aware of the importance of social aspects in software engineering 
activities only over the last decade. In fact, it was not until the 
recent diffusion and massive adoption of social media that we 
could witness the rise of the “social programmer” [41] and the 
surrounding ecosystem [42].

Social media has deeply influenced the design of software 
development-oriented tools such as GitHub (i.e., a social coding 
site) and Stack Overflow (i.e., a community-based question 
answering site) [43]. Stack Overflow, in particular, is an example 
of an online community where social programmers do networking 
by reading and answering others’ questions, thus participating in 
the creation and diffusion of crowdsourced documentation. In our 

previous work, we argued and proved that among the non-
technical factors, which can influence the members of online 
communities, the emotional style of a technical contribution does 
affect its probability of success [29], [9]. More specifically, our 
effort is to understand how expressing affective states in Stack 
Overflow influences the probability for askers of eliciting an 
accepted answer and the probability for answerers of having an 
answer accepted.

Our research follows a recent trend that has emerged to study the 
role of affect in social computing. For example, Kucuktunc et al.
[19] performed a large-scale sentiment analysis study on Yahoo! 
Answers to assess the impact of the semantic orientation of a post 
on its perceived quality. Althoff et al. [1] found that expressing 
gratitude in a question is positively correlated with success of 
altruistic requests in Reddit.com. Guzman et al. [17] perform 
sentiment analysis of commit comments in GitHub and 
demonstrate that a correlation exists between emotions and other 
factors such as the programming language used in a project, the 
geographical distribution of the team and the day of the week. 
Similarly, Guzman and Bruegge [16] used a sentiment analysis 
tools for detecting the polarity, i.e., the positive or negative 
semantic orientation of a text, to investigate the role of emotional 
awareness in software development teams. 

What these studies have in common is that they applied sentiment 
analysis techniques to crowd-generated content relying on polarity 
as the only dimension to operationalize affect. However, polarity 
is only one of the possible dimensions of affect, which could be 
also modeled in terms of its duration, activation, cognitive 
triggers, and specificity [11]. Still, polarity is the most used 
dimension because of its ease of measurement and the availability 
of open source and robust analysis tools. In this paper, we argue 
that polarity, if employed alone, is insufficient for detecting the 
sentiments of programmers in a reliable manner. Furthermore, we 
highlight and discuss the challenges existing when sentiment 
analysis techniques are employed to assess the affective load of 
text containing technical lexicon, as typical in the social 
programmer ecosystem. 
The remainder of the paper is structured as follows. In Section 2, 
we first provide an overview of detecting affective states from 
text, including a state-of-the-art in the field of sentiment analysis. 
Then, in Section 3, we perform a qualitative analysis to show the 
limits of only using polarity to measure the sentiment expressed in 
questions and answers in Stack Overflow. The findings from our 
analysis are then discussed in Section 4, where we also outline the 
future research directions.
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SO problems (1/2)

• Despite its popularity (12.6M questions)
– About 50% are still unresolved questions (5.7M)
– ~4M unresolved questions have 1+ unaccepted 

answers 
• Newbie askers not

taking actions
• No perfect solutions

* As of Oct. 2016

19 answers
The most appreciated 
not the accepted one



Approaching the problem: 
Best-answer prediction

• Binary (two-class) classification problem of 
identifying accepted answers (solutions) within 
question threads
– Leverage machine learning to build a best-answer 

prediction model 
• Positive class = {accepted answers}
• Negative class = {non-accepted answers}

• Potential benefits
– Identify most promising answers in unresolved 

threads
– Ensure crowdsourced knowledge is well-curated



SO problems (2/2)

• Popularity side 
effects
– Communities 

abandoning support 
forums and mailing 
list over Stack 
Overflow (e.g., R)

– Huge amount of 
crowdsourced 
knowledge getting lost

"Should we move to Stack Overflow?" 
Measuring the utility of social media for developer support  

 

Megan Squire 
Department of Computing Sciences 

Elon University 
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Abstract— Stack Overflow is an enormously popular question-
and-answer web site intended for software developers to help 
each other with programming issues. Some software projects 
aimed at developers (for example, application programming 
interfaces, application engines, cloud services, development 
frameworks, and the like) are closing their self-supported 
developer discussion forums and mailing lists and instead 
directing developers to use special-purpose tags on Stack 
Overflow. The goals of this paper are to document the main 
reasons given for moving developer support to Stack Overflow, 
and then to collect and analyze data from a group of software 
projects that have done this, in order to show whether the 
expected quality of support was actually achieved. The analysis 
shows that for all four software projects in this study, two of the 
desired quality indicators, developer participation and response 
time, did show improvements on Stack Overflow as compared to 
mailing lists and forums. However, we also found several projects 
that moved back from Stack Overflow, despite achieving these 
desired improvements. The results of this study are applicable to 
a wide variety of software projects that provide developer 
support using social media. 

Index Terms—developer support, technical support, quality, 
Stack Overflow, mailing list, forums, metrics, social media. 

I. INTRODUCTION 
Social media is changing the way work is done in many 

domains, and software development is no exception. 
Distributed teams of software developers, such as those 
working to build free, libre, and open source software 
(FLOSS), were especially quick to begin using digital 
communication media - such as email mailing lists and IRC 
chat - for getting things done. Some long-standing projects 
such as Apache httpd server and the Linux kernel have ongoing 
mailing lists for developer communication, with archives 
stretching back to the early 1990s. As social media expanded 
into social networks, blogs, microblogs, and question-and-
answer (Q&A) formats, software developers have continued to 
use these tools to accomplish their community objectives [1]. 

This paper is motivated by our observation of two 
simultaneous and complimentary trends: the rise of web-based 
software support intended specifically for developers, and the 
introduction of highly successful user-driven Q&A web sites. 
As web sites have morphed into web services, the associated 
application programming interfaces (APIs) have become 

indispensible part of the web programming landscape [2]. API 
producers need to offer support to skilled software developers 
in addition to providing traditional non-technical end-user 
support. As was the case with other end-user support, 
developer support was first offered digitally through email 
mailing lists and web-based discussion forums (or hybrids such 
as Google Groups). Mailing lists have the advantages of being 
very easy to understand, and they are available on many 
platforms. Many people prefer having the messages sent to 
them ("push"), rather than having to visit a special web site 
("pull"). However, the list joining process can be awkward for 
a user who only has one or two questions. Mailing list archives 
can be difficult to search, and some common questions may get 
asked over and over again, which frustrates long-term 
members.  

The web-based discussion forum is an improvement over 
standard mailing lists in that it typically provides a browse and 
search facility, and usually has no login or signup required to 
read the archive. This helps solve the problem of repetition in 
questions and answers. However, depending on the forum 
software, there are different degrees of quality control over 
questions and answers. (This is especially true if the developers 
are expected to help each other in addition to getting answers 
from the software provider.)  

Q&A web sites (e.g. Quora, Stack Overflow, Yahoo 
Answers) provides the browse and search features of a web-
based discussion forum, however they also include additional 
incentives designed to improve answer quality, such as badges 
or a voting system. Stack Overflow also allows questions to be 
marked as duplicates, and it encourages users to edit each 
others’ questions and answers to improve readability and 
quality. 

Stack Overflow was created in 2008, and by mid-2014 had 
nearly 3 million registered users asking 7.5 million 
programming-related questions. It is the 54th most-visited site 
in the world, with an average of more than five minutes and 
four pages per visit. [3] With the increasing popularity of Stack 
Overflow, some software project leaders began questioning 
whether their entire developer support infrastructure (mailing 
lists or web-based discussion forums) should be moved to 
Stack Overflow instead.  In fact, this question appears in Stack 
Overflow's own community wiki as early as July 9, 2009 [4] 
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ABSTRACT
Historically, mailing lists have been the preferred means for
coordinating development and user support activities. With
the emergence and popularity growth of social Q&A sites
such as the StackExchange network (e.g., StackOverflow),
this is beginning to change. Such sites offer different socio-
technical incentives to their participants than mailing lists do,
e.g., rich web environments to store and manage content col-
laboratively, or a place to showcase their knowledge and ex-
pertise more visibly to peers or potential recruiters. A key
difference between StackExchange and mailing lists is gam-
ification, i.e., StackExchange participants compete to obtain
reputation points and badges. Using a case study of R, a
popular data analysis software, in this paper we investigate
how mailing list participation has evolved since the launch
of StackExchange. Our main contribution is assembling a
joint data set from the two sources, in which participants in
both the r-help mailing list and StackExchange are identi-
fiable. This allows for linking their activities across the two
resources and also over time. With this data set we found
that user support activities are showing a strong shift away
from r-help. In particular, mailing list experts are mi-
grating to StackExchange, where their behaviour is different.
First, participants active both on r-help and on StackEx-
change are more active than those who focus exclusively on
only one of the two. Second, they provide faster answers on
StackExchange than on r-help, suggesting they are moti-
vated by the gamified environment. To our knowledge, our
study is the first to directly chart the changes in behaviour of
specific contributors as they migrate into gamified environ-
ments, and has important implications for knowledge man-
agement in software engineering.

Author Keywords
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source; gamification.
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INTRODUCTION
Historically, mailing lists have been the preferred medium
for coordinating development and user support activities [16,
31,32]. In particular, mailing lists have been viewed as the de
facto communication medium between knowledge seekers
(e.g., users of the software asking for support) and knowledge
providers (e.g., other users, more knowledgeable about the
topic, or the developers themselves) in models of knowledge
sharing in open source [32]. The two categories of knowl-
edge actors have been reported to co-exist in a symbiotic re-
lationship, wherein “the community learns from its partici-
pants, and each individual learns from the community” [32].
However, their motivations for participation may differ. For
instance, knowledge seekers may directly benefit from hav-
ing their problems solved, while knowledge providers may
be motivated intrinsically (e.g., by altruism), or by learning
about the problems other users are experiencing [20, 32].

Recent years have witnessed the emergence and grow-
ing popularity of software-development-related social me-
dia sites, such as GitHub1 (coding), Jira2 (issue tracking),
or the StackExchange network (question and answer web-
sites, e.g., StackOverflow for “professional and enthusiast
programmers,”3 or CrossValidated for “statisticians, data an-
alysts, data miners and data visualization experts”4). Such
sites are rapidly changing the ways in which developers col-
laborate, learn, and communicate among themselves and
with their users [4, 8, 9, 30, 34]. Moreover, they are offer-
ing different socio-technical incentives to their participants,
e.g., rich Web 2.0 platforms to store and manage content col-
laboratively, or a place to showcase their knowledge and ex-
pertise more visibly to peers and potential recruiters [8]. In
addition, StackExchange sites employ gamification [11] to
engage users more: questions and answers are voted upon
by the community; the number of votes is reflected in the
poster’s reputation and badges; exceeding various reputation
thresholds grants access to additional features (e.g., moder-
ation rights on topics and posts); reputation and badges can
also be seen as a measure of one’s expertise by potential re-
cruiters [8], and are known to motivate users to contribute
more [1, 2, 10, 42]. Activity on StackExchange sites can also
elevate one to celebrity status within the developer commu-
nity (see, e.g., the discussion around Jon Skeet5, the most
prolific contributor to StackOverflow).
1https://github.com
2http://www.atlassian.com/software/jira
3http://stackoverflow.com
4http://stats.stackexchange.com/
5http://meta.stackoverflow.com/q/9134

[1] M Squire, Should we move to stack overflow? ICSE '15
[2] B. Vasilescu et al. How Social Q&A Sites Are Changing Knowledge 
Sharing in Open Source Software Communities, CSCW ’14



Best-answer prediction in 
legacy forums

• Can we automatically migrate legacy support 
channels towards modern Q&A sites?

• Research Challenges: 
– Different interaction styles
– Quality of imported content
– Existing user reputation and identities [1]
– Lack of info about accepted answers / resolved questions

• Potential benefit
– Save existing crowdsourced knowledge from being lost 

upon migrations

Legacy forums

Mailing lists

[1] B. Vasilescu et al. How Social Q&A Sites Are Changing Knowledge Sharing in 
Open Source Software Communities, CSCW ’14, 342–354.



Practical perspective

• Migration from internal legacy forum to modern 
Q&A site

http://stackapps.com/questions/1999/announcing-api-version-1-1-and-roadmap

v3.0

MigrationPrediction
modern

legacy



Study inception

• Best-answer prediction relatively new problem
– Limited amount of existing research on building 

prediction models
• Let’s do like machine learners do!!

– Let’s use the experience from a more mature Sw. 
Eng. research field on building prediction models

– Software Defect Prediction



BINARY CLASSIFICATION: 
CHALLENGES AND METRICS

A step back



Software Defect Prediction 
(SDP)
• Disproportionate amount of the cost of 

developing software spent on maintenance 
– Some industrial surveys claim 90%! 
– Bugs must be found before they can be fixed!

• Use machine learners to build prediction 
models and identify most defect-prone code
– Use historical data about known bugs to train the 

model
– Fit the defect prediction model to new, unseen code 

L. Erlikh, “Leveraging legacy system dollars for e-business,” IT Professional, vol. 2,
pp. 17–23, 2000.



SDP research

• Substantial amount published in the last two 
decades

• Main drivers
– Economic benefits, especially for the Quality 

Assurance team [1] 
• Limited testing resource allocated for the most fault-prone 

code
• Much more cost-effective than traditional code reviews

– Availability of public datasets [2]
• NASA, Eclipse, PROMISE
• OSS repositories (e.g., APACHE)

[1] Menzies et al., Defect prediction from static code features: current results, limitations, new
approaches, Automated Software Engineering 2010
[2] R. Malhotra, A systematic review of machine learning techniques for software fault prediction,
Applied Soft Computing 2015



Classification techniques
Technique Classifier

Regression-based Logistic Regression

Bayesian Naïve Bayes

Nearest Neighbors K-Nearest Neighbors

Decision Trees C4.5 / J48

Support Vector Machines Sequential Minimal Optimization

Neural Networks Radial Basis Functions

Ensemble 

(Bagging)
Random Forests

Ensemble

(Boosting)
Adaptive Boosting

• Most commonly used learners for SDP [1]
• 75% of learners used by primary studies in [2] 

[1] R. Malhotra, A systematic review of machine learning techniques for software fault prediction, Applied Soft Computing 2015
[2] R.S. Wahono, A systematic literature review of software defect prediction: Research trends, datasets, methods and frameworks. 
Journal of Software Engineering 2015 



Class imbalance

• Skewness of class instance distribution in a dataset
– !"#$%&'"	 )$*+,&%- 	./$00 ≫ 2+0&%&'"	 )&3+,&%- 	./$00

• Reported through pos/neg (aka imbalance) ratio
pos/neg ratio	= 2+0&%&'"	./$00 ∶ !"#$%&'"	./$00 	

• Typical of (binary) classification problems
– SW defect prediction, medical screening, fraud and 

intrusion detection, …
• Impairs classification tasks

– Learning algorithms performance
– Performance metrics

23



Class imbalance: solutions

1. Resampling
2. Cost-sensitive learning
3. Ensemble learning 

V. Lòpez et al. An insight into classification with imbalanced data: Empirical results and current trends
on using data intrinsic characteristics. Information Sciences 250, 113–141 (2013).



Preprocessing:
Classifier settings
• 87% of 30 most commonly used classifiers 

requires the setting of at least one param [1]
• Parameters often left with default values [2]

– Data mining toolkits (e.g., R, Weka, scikit-learn) 
have very different default settings

– Study replicability seriously limited
• Without param tuning, most classifiers may

– severely underperform with suboptimal configs [3]
– build models with statistically indistinguishable 

performances [4]

[1] C. Tantithamthavorn et al., Automated Parameter Optimization of Classification techniques for Defect Prediction Models, ICSE’16
[2] T. Menzies and M. Shepperd, Special issue on repeatable results in software engineering prediction. ESE 2012
[3] T. Hall et al. A systematic literature review on fault prediction performance in software engineering.  TSE 2012
[4] B. Ghotra et al., Revisiting the Impact of Classification Techniques on the Performance of Defect Prediction Models, ICSE’15



Automated param tuning 
techniques
• Narrow down the 

space to explore
– Tuning process 

requires hours, not 
days!

• Benefits
– Boasts prediction 

models performance
– Increases models’ 

stability
• Param tuning is very

dataset-dependent

W. Fu et al., Tuning for software analytics: Is it really necessary? IST 2016



Feature selection 
techniques

• Enhances classification 
performance (shorter 
training times)

• Simplifies the model 
(interpretability)

• Param tuning change what 
features are important [1]

• Recommendation:
use Wrapper methods [2]
– Alternatively, Correlation 

Feature Selection (CFS)

tiny.cc/timm5

How not to do it:

Anti-patterns for 
data science in SE 

tim@menzies.us
Com Sci,  NC State,  http:// menzies.us, 
ICSE Technical briefing, 
May 17, 2016

http://tiny.cc/timm5

[1] W. Fu et al., Tuning for software analytics: Is it really necessary? IST 2016
[2] T. Menzies, How not to do it: Anti-patterns for data science in SE, ICSE Tech. briefing, 2016



Performance metrics

Confusion
matrix

Prediction

Positive Negative

A
ct

ua
l

Po
si

tiv
e

True Positives 
(TP)

False Negatives 
(FN)

N
eg

at
iv

e

False Positives
(FP)

True Negatives
(TN)
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Positive class  = TP + FN
Negative class = FP + TN

Pc

Nc



Scalar metrics



Graphical analysis

• Aggregate scalar metrics improve over single 
scalar metrics to assess a classification model 
performance

• However, graphical analysis is better suited to 
compare multiple models
– Scalar measures impose a one-dimensional 

ordering
– Two-dimensional plots are more capable of 

preserving performance-related info

C Drummond & R.C. Holte, Cost curves: An improved method for visualizing classifier 
performance, 2006



Graphical analysis: 
ROC curve
• Receiver Operating 

Characteristic
– Shows the tradeoff 

between accurate 
classification of pos
instances (Recall) and 
misclassification of neg 
instances (FPrate)

• (0,1) is perfect 
classification
– Line connecting (0,0) 

and (1,0) is the random 
performance

T. Fawcett, An introduction to roc analysis. Pattern recognition letters 27(8), (2006)

AUC



Best model selection

• There is no absolute best prediction model
– Pick the right model for the given context

• Empirical work must assess the performance of 
models trained by several classifiers
– Statistical significance nonparametric test [1]

• Friedman + Nemenyi post-hoc test: finds groups of mean 
values statistically different from each other [2]:

• Scott-Knott: clustering algorithm, finds statistically distinct 
ranks with no overlapping [3]

[1] Y. Jiang et al, Techniques for evaluating fault prediction models, EMSE 2008 
[2] J. Demsar, Statistical comparisons of classifiers over multiple data sets. The Journal of Machine Learning Research 2006
[3] B. Ghotra et al. Revisiting the Impact of Classification Techniques on the Performance of Defect Prediction Models, ICSE’15



Cross-project/company 
SDP
• What if a project is new or has not collected 

historical data to build predictive modes?
– Train models on data from

• Other (similar?) projects within the same company? 
Cross-project defect prediction

• Other (similar?) projects within the other companies?
Cross-company defect prediction

• T. Zimmermann et al. Cross-project defect prediction: a large scale 
experiment on data vs. domain vs. process. ESEC/FSE '09

• B. Turhan, et al., On the relative value of cross-company and within-
company data for defect prediction, EMSE 2009

• J. Nam and S. Kim, Heterogeneous defect prediction, ESEC/FSE 2015
• F. Zhang et al. Towards building a universal defect prediction model with 

rank transformed predictors, EMSE 2016,



SDP: Lessons learned

• Prefer aggregate scalar metrics over single scalar 
metrics

• Rely on graphical analysis to compare the 
performance of multiple prediction models on one 
dataset

• Tune learners’ parameters & select relevant 
features

• Always include a preliminary assessment to identify 
most promising learners for the given context

• Select best prediction model informed by statistical 
significance test

• Cross-prediction possible, but a much harder task



FROM DEFECT PREDICTION TO 
BEST-ANSWER PREDICTION 

Back to the study



Observational Study

Best-answers prediction in technical Q&A sites
• Context

– Within-platform prediction
• Training and test sets from Stack Overflow

– Cross-platform prediction
• Training set from Stack Overflow
• Test set from both modern Q&A site and legacy support forums

– Take into due account class imbalance 
• Adequate classification algorithm
• Adequate performance metrics

• Goal
– Assess to what extent knowledge could be automatically 

migrated to Stack Overflow
– Identify best predicting features for the problem, not the 

platform

36



Best answer: definition

• The answer marked as the accepted solution 
by the original asker
– i.e., the fastest, good-enough answer that satisfies 

the info seeker
– Takes into account the time dimension
– Same conceptualization of Stack Overflow

• A question thread may contain another one 
considered better by the community (e.g., 
comments like “This should be the accepted 
solution!!”)
– absolute best answer



Datasets

Stack 
Overflow Docusign Dwolla

Yahoo! 
Answers

SAP
Comm.
Network

Q&A 
Platform

Modern Legacy Legacy Modern Modern

Questions
threads 507K 1,572 103 41,190 35,544

Questions 
resolved (%)

279K 
(∼55%)

473 
(∼30%)

50 
(∼48%)

29,021
(∼70%)

9,722 
(∼27%)

Answers 1.37M 4,750 375 104,746 141,692

Answers 
accepted (%)

279K
(∼20%)

473 
%)

50
(∼13%)

29,021
(∼28%)

9,722
(�6%)

pos/neg
ratio ∼1:4 ∼1:10 ∼1:7 ∼1:4 ∼1:15
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Datasets
Extracted Information 
Elements

Stack 
Overflow Docusign Dwolla Yahoo!

Answers SCN

Th
re

ad
 c

on
te

nt

Type (quest./answer) Yes Yes Yes Yes Yes

Body Yes Yes Yes Yes Yes

Title Yes Yes Yes Yes Yes

Author Yes Yes Yes Yes Yes

Tags No Yes No No No

Comments Yes No No? ? ?

Th
re

ad
 m

et
ad

at
a

URL Yes Yes Yes Yes Yes

Question id Yes Yes Yes Yes Yes

Question resolved Yes Yes Yes Yes Yes

Answer count Yes Yes Yes Yes Yes

Accepted answer Yes Yes Yes* Yes Yes

Date / time Yes Yes Yes Yes Yes

Answer views No Yes No No No

Rating score Yes Yes No Yes Yes



Features & ranking
Feature
type

Feature
name

Also 
ranked?

Linguistic

Length
Word count
No. sentences
Longest sentence
Avg. words per sentence
Avg. chars per word
Contains hyperlinks

Meta
Age
Rating score

Vocabulary
Log-Likelihood normalized 
(LLn)
Flesch-Kinkaid grade (F-K)

Thread Answer count

• No user-related 
features

• All features 
computationally 
inexpensive



Feature ranking: 
Examples

Answers Word count
a1 100
a2 310
a3 209
a4 145

Answers Age
a1 3 min
a2 4 min
a3 9 min
a4 15 min

descendingascending

Answers Word count  
ranked

a2 1
a3 2
a4 3
a1 4

Answers Age  
ranked

a1 1

a2 2

a3 3

a4 4



Study execution

Identify 
optimal param 

settings

Generate 
candidate 

param settings

Caret parameter tuning
(tuneLength = 5)

Evaluate 
candidate 

param settings

Stack 
Overflow 

(SO)

Studied dataset

Optimal 
param 
setting

Prediction-model assessment

10-fold cross-
validation

Logistic 
Regression

(LR)

Alternating 
Decision 

Tree (ADT)

Random
Forests

(RF)

…

…

Model construction

Models
Ranking

Repeated 100 times 
(10 x 10-fold cross-validation)

Step 1: 
Best-answer prediction within Stack Overflow



Study execution

Docusign
(DS)

SAP 
Community 

Network 
(SCN)

Yahoo! 
Answers

(YA)

Dwolla
(DW)

Stack 
Overflow 

(SO)

Studied datasets

Training set

Test set

Best-answer prediction

Model 
Training

Top-ranked 
prediction models 

(RQ1)

Model 
Evaluation

Results

step 1

step 2

Step 2:
Cross-platform best-answer prediction



Family Classifier (short name) Parameters Description

Regression-based
Generalized Linear Models (glm) -

Multivar. Adaptive Regression Splines (earth) degree
nprune

Max degree of interaction 
Max # of terms in model

Bayesian Naïve Bayes (nb) fL
usekernel?

Laplace correction factor 
Use kernel density estimate

Nearest Neighbor K -Nearest Neighbor (knn) k # Clusters

Discrimination Analysis
Linear Discriminant Analysis (lda) -
Penalized Discriminant Analysis (pda) lambda Shrinkage penalty coefficient
Flexible Discriminant Analysis (fda) degree

nprune
Max degree of interaction 
Max # of terms in model

Decision Trees
C4.5-like trees (J48) C Confidence factor for pruning
Logistic Model Trees (LMT) iter # Iterations
Classification and Regression Trees (rpart) cp Complexity penalty factor

Support Vector Machines SVM with Linear Kernel (svmLinear) C Cost penalty factor

Neural Networks

Standard (nnet) size
decay

# Hidden units
Weight decay penalty factor

Feature Extraction (pcaNNet) size
decay

# Hidden units
Weight decay penalty factor

Model Averaged (avNNet) bag?
size decay

Apply bagging at each iteration
# Hidden units
Weight decay penalty factor

Multi-layer Perceptron (mlp) size # Hidden units
Voted-MLP (mlpWeightDecay) decay

size
Weight decay penalty factor
# Hidden units

Penalized Multinomial Regression (multinom) decay
Rule-based Repeated Incremental Pruning Reduction (JRip) NumOpt # Optimization iterations
Bagging Random Forests (rf) mtry # Predictors sampled

Bagged CART (treebag) -

Boosting

Gradient Boosting Machine (gbm)
n.trees
interact. depth 
shrinkage 
n.minobsinnod

# Trees to fit
Max depth of var. interactions 
Param. applied to tree expansion 
Min # terminal nodes

Adaptive Boosting (AdaBoost)
mfinal
maxdepth
coeflearn

# Boosting iterations 
Max tree depth
Weight updating coefficient

General. Additive Models Boost. (gamboost) mstop
prune?

# Initial boosting iterations
Apply pruning w/ stepwise feat. selection

Logistic Regression Boosting (LogitBoost) nIter # Boosting iterations

eXtreme Gradient Boosting Tree (xgbTree)
nrounds
maxdepth
eta

Max # iterations 
Max tree depth
Step-size shrinkage coefficient

C5.0 (C50)
trials
model 
winnow?

# Boosting iterations 
Decision trees or rule-based
Apply predictor feature selection



BEST-ANSWER PREDICTION WITHIN 
STACK OVERFLOW

Study results



Scott-Knott test
Rank Prediction

model
Mean
AUC Max Min SD

1

xgbTree 0.91 0.95 0.88 0.02
pcaNNet 0.91 0.93 0.84 0.03

Earth 0.91 0.93 0.83 0.03
gbm 0.90 0.94 0.83 0.04

2

gabmboost 0.83 0.88 0.79 0.03
nnet 0.82 0.83 0.80 0.01
LMT 0.82 0.84 0.79 0.02

avNNet 0.82 0.83 0.80 0.01
C5.0 0.81 0.83 0.79 0.01

AdaBoost 0.81 0.82 0.79 0.01
multinom 0.81 0.84 0.73 0.03

rf 0.81 0.84 0.77 0.02
lda 0.80 0.84 0.74 0.03

mlpWeightDecay 0.80 0.84 0.71 0.04

3

glm 0.79 0.81 0.77 0.01
nb 0.79 0.81 0.76 0.02
mlp 0.79 0.80 0.77 0.01
fda 0.78 0.81 0.74 0.02
pda 0.78 0.80 0.74 0.02
knn 0.76 0.78 0.74 0.01

4

LogiBoost 0.74 0.75 0.71 0.01
treebag 0.73 0.79 0.65 0.05

J48 0.71 0.73 0.67 0.02
rpart 0.71 0.73 0.70 0.01

5 svmLinear 0.64 0.67 0.62 0.02
6 JRip 0.59 0.67 0.57 0.04

• 6 statistically 
distinct ranks

• AUC performance 
increase due to 
tuning up to 43%



Boxplot

• No pattern 
observed 
related to 
classification 
techniques



Parameter tuning

Prediction
Model

Optimal parameter
configuration

Default parameter
configuration

Overall tuning 
runtime

xgbTree
nrounds = 200 nrounds = 100

6h 47mmax_depth = 4 max_depth = 1
eta = 0.1 eta = 0.3

pcaNNet size = 7 size = 1 2h 20m 
decay = 0.1 decay = 0

earth nprune = 15 nprune = NULL 3h 53m
degree = 1 degree = 1

gbm
n.trees = 250 n.trees = 100

8h 44minteraction.depth = 3 interaction.depth = 1
shrinkage = 0.1 shrinkage = 0.1
n.minobsinnode = 10 n.minobsinnode = 10

… … … …

• At least one param tuned from default config
• Tuning took hours, not days



ROC plots



Scalar metrics

Models F G-mean AUC Balance
xgbTree 0.91 0.87 0.94 0.87

gbm 0.92 0.88 0.94 0.87
pcaNNet 0.90 0.86 0.93 0.85

earth 0.86 0.84 0.93 0.82



Feature selection



CROSS-PLATFORM 
BEST-ANSWER PREDICTION

Study results



ROC plots: 
Legacy platforms

Docusign Dwolla



ROC plots: 
Modern platforms

Yahoo! Answers SCN



Scalar metrics

Test set
(pos/neg)

xgbTree gbm
F G-mean AUC Balance F G-mean AUC Balance

I Docusign
(1:10) 0.86 0.62 0.67 0.61 0.82 0.65 0.73 0.64

II Dwolla
(1:7) 0.85 0.63 0.71 0.62 0.80 0.65 0.71 0.65

III Yahoo
(1:4) 0.66 0.65 0.74 0.64 0.72 0.65 0.71 0.65

IV SCN
(1:15) 0.84 0.62 0.68 0.62 0.80 0.65 0.71 0.65

Avg. 0.80 0.63 0.70 0.62 0.79 0.65 0.72 0.65
S.D. 0.10 0.01 0.02 0.01 0.04 0.00 0.01 0.01



Cross-platform models 
performance benchmarking 



Reference
Dataset

(# quest./answ.)
pos/neg

ratio
Feature categories 

(total #)
Feature 

ranking?
Experimental setting

Param 
tuning?

Other classifiers 
compared

Performance 
results

Graphical assessment

Adamic et al. 
(2008)

Yahoo! Answers –
Programming & 
Design (N/A)

N/A
user, thread,
linguistic (4)

No
10-fold cross-validation 
with Logistic 
Regression

No No Acc= ~73% No

Shah and 
Pomerantz 
(2010)

Yahoo! Answers��

(~1.3K/5K)
N/A

user, thread, meta,
linguistic (21)

No
10-fold cross-validation 
with Logistic 
Regression

No No Acc= ~84% No

Cai and 
Chakravarthy
(2011)

Stack Overflow 
(1K/5K)*

1:4 textual, user (22) No
10-fold cross-validation 
with SVM

No No P=.55 No

Tian et al. (2013)
Stack Overflow 
(~103K/196K)

N/A
thread, meta,
linguistic (16)

No
2-fold cross-validation 
with Random Forests

No No Acc= ~72% No

Burel et al. 
(2012)

SCN†

(~95K/427K) 
Server Fault (SF)‡

(~36K/95K)

N/A
user, thread, meta,
linguistic, vocabulary
(19† /23‡)

No
10-fold cross-validation 
with ADT

No
J48, Random 
Forests, ADT, 

Random Trees

P=.83, R=.84,
F=.83
AUC=.88
(SCN) No
P=.85, R=.85,
F=.80
AUC=.91 (SF)

Shah (2015)
Yahoo! Answers** 
(23K Q/A pairs)*

1:4 textual, user (12) No
70/30% training/test 
set split with Bayesian 
Network

No No
Acc=89.2
P=.97, R=.86 
AUC=.98 

ROC plot

Gkotsis et al. 
(2014, 2015)

21 Stack 
Exchange sites 
(incl. Stack 
Overflow)**
(~3M/7M) 

N/A
thread, meta,
linguistic, vocabulary
(14)

Yes

10-fold cross-validation 
with ADT

No
Yes 

(unspecified)

P=.82, R=.66,
F=.73
AUC=.85 (SO
only) ROC plot

Cross-site leave-one-
out with ADT

P=.84, R=.70,
F=.76
AUC=.87 (avg)

This study

Stack Overflow 
(507K/1.37M)

∼1:4

thread, meta,
linguistic, vocabulary
(22)

Yes

10-fold cross-validation 
with 26 classifiers 

Yes Yes

AUC=.94

ROC plots

Docusign 
(~1.5K/~4.7K)

∼1:10

Cross-site 
training vs. test set

AUC=.73,
F=.82, G=.65,
Bal=.64

Dwolla (103/375) ∼1:7
AUC=.71,
F=.80, G=.65,
Bal=.65

Yahoo! Answers –
Progr. & Design 
(~41.2K/~105K)

∼1:4
AUC=.74,
F=.66, G=.65,
Bal=.64

SCN 
(~35.5K/~141.7K)

∼1:15
AUC=.71,
F=.80, G=.65,
Bal=.65

�Opportunistically sampled for selecting question threads with 1 best answer and 4 non-accepted answers. ��Dataset mixes technical and non-technical help requests. 



Contributions

• First-attempt as cross-platform best-answer prediction 
– Analysis of multiple classifiers
– in both modern and legacy platforms
– Cross-platform prediction statistically above the baseline and 

similar to the upperbound models (AUC)
• (Some) prior work

– Built prediction models using one classification technique only
– Failed to visually assess differences by plotting performance 

curves
– Reported performance by single scalar measures, sometimes 

unstable and sensitive to dataset imbalance
• Reliable benchmark for further studies on best-answer 

prediction
– Recommended measures and performance baseline



Back to “emotions in SE”

• Use NLP 
techniques to 
extract new 
“shallow” linguistic 
features from text
– Leverage 

sentiment analysis 
and seek shifts in 
polarity (+/=/-) 

– E.g. tone of asker’s 
comments before 
and after a working 
solution is provided

netural

positive



Future work (?)

• Use knowledge to 
actually provide a 
best answers to 
questions that are 
still open 
because 
unresolved
– E.g., Q&A bot?

• Credits
– A. Zagalsky :-)
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“One day the AIs are going to look back on us
the same way we look at fossil skeletons on the
plains of Africa.” (Nathan; Ex Machina, 2015)

Abstract
With the rise of social media and advancements in AI tech-
nology, human-bot interaction will soon be commonplace.
In this paper we explore human-bot interaction in STACK

OVERFLOW, a question and answer website for developers.
For this purpose, we built a bot emulating an ordinary user
answering questions concerning the resolution of git er-
ror messages. In a first run this bot impersonated a human,
while in a second run the same bot revealed its machine
identity. Despite being functionally identical, the two bot
variants elicited quite different reactions.
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Introduction
Ever since the Turing test [25] and the ELIZA experiment [27]
the prospect of having meaningful interactions with artificial
intelligence (AI) agents has been firing human imagina-
tion. While AI agents that circulate inconspicuously among
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