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Abstract Technical questions and answers (Q&A) websites accumulate a sig-
nificant amount of knowledge from users. Developers are especially active on
these Q&A websites, since developers are constantly facing new development
challenges that require help from other experts. Over the years, Q&A website
designers have derived several incentive systems (e.g., gamification) to encour-
age users to answer questions that are posted by others. However, the current
incentive systems primarily focus on the quantity and quality of the answers
instead of encouraging the rapid answering of questions. Improving the speed
of getting an answer can significantly improve the user experience and increase
user engagement on such Q&A websites.

In this paper, we explore how one may improve the current incentive sys-
tems to motivate fast answering of questions. We use a logistic regression model
to analyze 46 factors along four dimensions (i.e., question, asker, answer, and
answerer dimension) in order to understand the relationship between the s-
tudied factors and the needed time to get an accepted answer. We conduct our
study on the four most popular (i.e., with the most questions) Q&A Stack Ex-
change websites: Stack Overflow, Mathematics, Ask Ubuntu, and Superuser.
We find that i) factors in the answerer dimension have the strongest effect on
the needed time to get an accepted answer, after controlling for other factors;
ii) the current incentive system does not recognize non-frequent answerers who
often answer questions which frequent answerers are not able to answer. Such
questions that are answered by non-frequent answerers are as important (i.e.,
have similar range of scores) as those that are answered by frequent answerers;
iii) the current incentive system motivates frequent answerers well, but such
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frequent answerers tend to answer short questions. Our findings suggest that
Q&A website designers should improve their incentive systems to motivate
non-frequent answerers to be more active and to answer questions fast, in or-
der to shorten the waiting time to receive an answer (especially for questions
that require specific knowledge that frequent answerers might not possess).
In addition, the question answering incentive system needs to factor in the
value and difficulty of answering the questions (e.g., providing more rewards
to harder questions or questions that remain unanswered for a long period of
time).

Keywords Logistic Regression Modeling · Factor Importance Analysis ·
Q&A Websites · Response Time

1 Introduction

The Internet is a great medium for accumulating knowledge from people across
the world. Due to the large amount of knowledge that is accumulated, search
engines, such as Google, provide people with the ability to search for the knowl-
edge in which they are interested. Initially, these search engines only aim to
give users the most relevant answers to their interest or question. However,
over the past years, search engines have evolved to consider not only deliver-
ing correct answers but also the rapid delivery of such answers. For example,
Google instant search (Cornea and Weininger, 2014) provides instant sugges-
tions to complete queries while also updating results as users type in their
question. Moreover, today, most search engines (e.g., Google and Bing) pride
themselves about their speed of delivering answers and list the response time
of a user query at the top of their results page. A recent study (Colburn, 2016)
shows that increasing the speed of finding answers on an e-commerce website
can increase sales by as much as 17%.

Similar to the Internet, technical questions and answers (Q&A) websites
accumulate a significant amount of user-generated knowledge. Stack Exchange
is a prominent example of such a website for asking and answering questions in
various areas, ranging from technology to science, and even art. One of Stack
Exchange’s most popular technical Q&A websites is Stack Overflow (SO)1,
which has more than 12.3 million questions, 18.4 million answers, and 5.8
million users, according to the SO data dump of March 2016 (StackOverflow,
2016).

Users that are involved in the Stack Exchange community are very active.
Stack Overflow reports that there are more than 40 million monthly visitors (S-
tackOverflow, 2016), and many developers rely on Stack Overflow for solving
the problems that they are currently facing. Hence, developers post their ques-
tions on such Q&A websites whenever they are blocked by a problem, in hope
to receive responses as soon as possible to clear their roadblocks.

1 http://stackoverflow.com/
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Over the years, Stack Exchange websites have enhanced their incentive
systems to attract users to contribute to the knowledge base by asking and
answering questions. For example, a developer can earn reputation scores by
asking and answering questions on Stack Overflow, and a higher reputation
score gives developers more privileges on the website (e.g., access to site an-
alytics data). However, the current incentive systems primarily focus on the
quantity and quality of the answers with little to no focus on the speed of
answering questions2. There are still tens of thousands of questions that took
more than one week to receive an accepted answer (see Section 5). In other
words, a large number of askers still must wait for a long time before getting
an accepted answer.

Similar to implementing instant search on search engines, reducing the
needed time to get an answer can significantly improve the user experience
when asking questions on Q&A websites. Therefore, it is necessary to study
the factors that may affect the needed time to get an accepted answer, and how
the current incentive systems can better motivate fast answers to questions.

In this paper, we examine the relationship between different factors and
the needed time for a question to get an accepted answer. We conduct our
study on the four most popular (i.e., with most questions) technical Stack Ex-
change websites: Stack Overflow, Mathematics, Super User, and Ask Ubuntu.
We study 55,853, 70,336, 7,134, and 10,776 questions on Stack Overflow, Math-
ematics, Super User, and Ask Ubuntu, respectively. We structure our inquiry
using 46 factors along four dimensions:

– Question: Various textual and readability features of a question, as well as
the popularity and difficulty of the question’s tags.

– Asker: The reputation of an asker and his/her historical tendency to get
answers.

– Answer: Textual features that are computed from the text of the accepted
answer.

– Answerer: The historical activity level of the answerer who answered the
question.

Since some factors are not changeable even if we modify the incentive
systems (e.g., we cannot easily change how people write their questions and
we cannot change the topic of questions), we control for these unchangeable
factors in our logistic regression models. We then use the model to understand
the relationship between the studied factors and the needed time to get an
accepted answer, and how the current incentive systems can be improved to
increase the speed of question answering.

Through case studies, we find that:
1) There exists a strong relationship between the factors in the

answerer dimension and the needed time to get an accepted answer.
After controlling for unchangeable factors such as the length of the answer,
the speed of how fast an answerer answers questions in the past is the most
important factor in our model.

2 http://stackoverflow.com/help/whats-reputation
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2) The current incentive system does not recognize the non-frequent
answerers who often answer questions which frequent answerers are
not able to answer. In general, non-frequent answerers answer questions s-
lower than frequent answerers. However, the questions that are answered by
non-frequent answerers are as important (i.e., have similar range of score) as
those that are answered by frequent answerers. Such slow-answered questions
that are answered by non-frequent answerers may have remained unanswered if
they were not answered by the non-frequent answerers, since such non-frequent
answerers may have some unique expertise on certain topics.

3) The current incentive system motivates frequent answerers
well, but frequent answerers tend to answer easy (in terms of size)
questions. Frequent answerers tend to answer easier (in terms of the size of
questions) questions than that of non-frequent answerers, which is acknowl-
edged by Stack Overflow developers as well.

Our findings highlight the need for Q&A website designers to improve the
incentive system to attract the non-frequent answerers so they can become
more active and answer questions faster (e.g., rewarding the non-frequent an-
swerers more scores if they stay online for enough time) and improve the
question answering incentive system to factor in the value and difficulty of
answering the questions (e.g., providing additional rewards for answering hard
questions or questions that remain unanswered for a long period of time).

Paper Organization. Section 2 introduces the background information
about Stack Exchange websites. Section 3 presents the definition of studied
factors. Section 4 describes our data collection process. Section 5 presents
the result of our preliminary study on the four studied websites. Section 6
presents the results of the case study and our discussion of the results. Section 7
describes the threats to validity of our observation. Section 8 describes the
related work. Finally, Section 9 concludes the paper.

2 Background

In this section, we give a brief overview of how Stack Exchange Q&A websites
work by using a real-life example from Stack Overflow.

2.1 Question Structure

A question on Stack Overflow (as well as other Stack Exchange Q&A websites)
has a title and a body. Each question also contains additional information:
tags, the developer who asked the question (asker), the date when the question
was posted, question score, and favorite count. The details of each question
are described in its body. Askers can attach code or URL(s) to provide more
comprehensive information. Tags are added by askers manually to indicate the
topics to which a question belongs. The favorite count indicates the number
of developers who like this particular question. The question score indicates
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the total number of up and down votes that this question received. Whenever
a developer wants to express that a question or an answer is useful, he/she
could vote it up and the score for that particular answer will be increased by
one. Similarly, a developer could vote a question/answer down and the score
for this question/answer will be decreased. The complexity of a question varies
in terms of topics, length, etc. Intuitively, the needed time to get an accepted
answer for a question is associated with the complexity of the question. In this
paper, we define a set of factors that are related to a question’s title and body
in an attempt to present the complexity of the question. We study the needed
time to get an accepted answer, after controlling for factors that are related
to a question’s title and body (since these factors are not changeable).

2.2 Reputation Score System

Reputation score is the incentive system that is used on Stack Exchange web-
sites. The current implementation of the incentive system (including all Stack
Exchange websites) is designed to encourage users to perform desirable activi-
ties by awarding them points. A developer can earn reputation scores through
several ways, such as asking good questions and providing useful answers3. A
developer could earn even more reputation scores if the answer is accepted by
the asker. The developers could also gain reputation scores by helping improve
questions or answers. However, the current reputation score system on Stack
Exchange only considers the quality and quantity of the answers and ques-
tions that are posted by a user. The reputation score system misses a very
important part – the speed of answering a question. In this paper, we would
like to examine factors that impact the speed of answering a question and to
provide some suggestions to improve the reputation score system based on our
findings.

2.3 Tagging System

On Stack Overflow (as well as other Stack Exchange Q&A websites), each
question can have at most five tags and must have at least one tag. Askers
need to specify the tags of a question when they create the question. Tags
can then be used for searching and browsing related questions. Askers with
over 1,500 reputation scores are allowed to put any tags (even new tags) to
questions; on the other hand, askers with less than 1,500 reputation scores
are only allowed to use existing tags. Developers can also subscribe to receive
updates on new questions that are associated with certain tags. Some tags
are related to hard topics which may take more time to answer, while some
tags are related to easy topics which may take less time to answer. Hence,
intuitively, tags may have an impact on the needed time to get an accepted
answer, and we are interested in studying such relationships in this paper.

3 http://stackoverflow.com/help/whats-reputation
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Fig. 1: An example of a user profile on Stack Overflow.

2.4 User Profiles

Each registered developer has a profile, which contains information such as
his/her reputation score, the tags in which he/she is interested, and the ques-
tions and answers that he/she posted. For example, we present the profile of a
developer in Figure 1. The developer’s reputation score is 4,071. The questions
that he asked in the past were mostly related to “java”.

2.5 A Real-life Example

Figure 2 shows an example question that is posted on Stack Overflow4. The
title of this question is “How to split a string in Java”. This question was
posted by the developer “riyana” at 3:01 on August 10th, 2010. The question
is basically to ask how to split a string into two strings in Java. Because the
question is related to Java and string operation, the question is tagged with
two tags, “java” and “string”. The asker described the question by attaching
a code snippet. The question was marked as a favorite 141 times and the
question score count is 671.

4 http://stackoverflow.com/questions/3481828/how-to-split-a-string-in-java, last ac-
cessed Sep 21th, 2017.
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Fig. 2: An example of a question and its accepted answer on Stack Overflow.

Each question can receive many answers. Each answer has a body and con-
tains the information about who answered the question and when the answer
was posted. Each answer also has a score count that represents the up and
down votes that the answer receives, and a check mark to indicate whether
this answer is accepted. If an answer is accepted by the asker, a check mark
will appear beneath the score counter. Note that each question in Stack Ex-
change can only have at most one accepted answer. In some cases, the asker
may not accept any answers if he/she thinks that all the received answers are
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not good enough. In Figure 2, we could see that the answer, that was posted
by “BalusC”, was accepted by the asker.

3 Studied Factors

Section 2 highlights the rich information available on Stack Exchange Q&A
websites in terms of the content of a question, tags, and user profile. In this
section, we discuss how we collect the studied factors that quantify the above-
mentioned information. We consider factors along four dimensions: question,
the developer who posts the question (asker), answer, and the developer who
posts the answer (answerer), when studying the needed time to get an ac-
cepted answer for a question. We describe the studied factors in Table 1. The
rationale and the calculation steps of each factor are discussed in the following
subsections.

3.1 Question Factors

There are 16 question factors that are extracted from a question (e.g., content,
title, and tags). In this study, we focus on the question-related factors that
are available and are not changing over time (e.g., score and view count may
change over time).

3.1.1 Text-Related Factors

Seven of the factors (i.e., Q Body Length, Q Title Length, Q Code Length,
Q Code Ratio, Q URL Number, Q Capital Title, and Q Title Popularity) in
this dimension are related to the content (i.e., title and body) of the question.
These factors are used to measure the question complexity. Intuitively, the
complexity of a question has a relationship with the speed of receiving accepted
answers.

When calculating the factors that are related to code snippets in a question,
we first need to identify the code snippets from a question’s body. The code
can be identified by detecting the tag “< code >< /code >” in our collected
data. We use the hyperlink tag “< ahref =>< /a >” to identify URLs.
After identifying the code and URL in the body, we are able to calculate the
code-related factors in a question (see Table 1). In order to calculate the Q -
Title Popularity, we preprocess (i.e., stop word removal, punctuation removal,
number removal, and stemming) each title, and we calculate the information
entropy of each title using the R package tm5. The entropy metric is one
form of inverse-document frequency (Aizawa, 2003). For each question, we
calculate the entropy of each unique word in the title, across the titles of all
the questions. Hence, the entropy value for a word represents the rarity of a
word across all the titles. Then, we take the average of the entropy value of

5 https://cran.r-project.org/web/packages/tm/index.html
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Table 1: Factors potentially affecting the needed time to get an accepted an-
swer for a question along four dimensions: question, asker, answer, and an-
swerer.

Factor Name Explanation Rationale

Q
u
e
s
t
io

n

Q Body Length Length, in characters, of the ques-
tion body, including source code
and HTML tagging.

Questions that are too short may fail to de-
scribe the problem to community members, while
overly long questions might discourage potential
answerers (Asaduzzaman et al., 2013; Ponzanelli
et al., 2014c).Q Title Length Length, in characters, of the title

of the question.

Q Code Length Length, in characters, of the code
that is contained in the question.

Attaching code snippets is considered a key fac-
tor that affects the quality of questions (Treude
et al., 2011; Ponzanelli et al., 2014c).Q Code Ratio Ratio of code in the question

body.

Q URL Number Number of URLs in the question
body.

The presence of URLs provides a richer context,
which helps answerers better understand a ques-
tion (Ponzanelli et al., 2014c).

Q Capital Title 1 if the title begins with a capital
letter, 0 otherwise.

A capital title may attract more attention from
potential answerers (Ponzanelli et al., 2014c).

Q Title Popular-
ity

Popularity of question titles. A question title with popular/rare words may at-
tract more/less attention from potential answer-
ers.

Tag Number Number of tags of the question. Tags capture the topics of a question. The num-
ber of tags may indicate the complexity of a
question.

Min/Max/Mea-
n/Sum Tag -
Speed

Minimum/maximum/mean/sum
value of average time for the tags
of the question to get an accepted
answer in past one month.

The speed of getting accepted answers for ques-
tions with the same tag may be correlated.

Min/Max/Mea-
n/Sum Tag Pop-
ularity

Minimum/maximum/mean/sum
value of numbers of questions
with an accepted answer that is
associated with each tag of the
question in past one month.

Questions with popular tags may attract more
attention from the community, or may be buried
by other questions with the same popular tags.

A
s
k
e
r

Mean/Me-
dian/Sum Fa-
vorite Votes

Mean/total/Median number of fa-
vorite votes that the asker re-
ceived in the past.

Recent studies show that there is a correlation
between asker reputation and the quality of the
post he/she writes (Ponzanelli et al., 2014c,a).
Hence, the questions written by certain askers
(e.g., askers who always ask well-received ques-
tions) may be easier to understand.

Mean/Sum/Me-
dian Up Votes

Mean/total/Median number of up
votes that the asker received in
the past.

Mean/Sum/Me-
dian Down -
Votes

Mean/total/Median number
of down votes that the asker
received in the past.

Question Ac-
cepted Answer

Number of questions for which the
asker received an accepted answer
in the past.

Prior studies (Asaduzzaman et al., 2013; Yao
et al., 2013; Anderson et al., 2012) find that the
expertise level or presentation quality of a ques-
tion does affect the chance of receiving answers.
Thus, the number of accepted/first answers or
the speed of receiving answers in the past may
indicate the expertise level or presentation skill
of the asker.

Question An-
swers

Number of questions for which the
asker received answers in the past.

Total Answers Total number of answers received
by the asker in the past.

Mean/Max/Mi-
n/Median -
Speed Accept-
ed Answer

Mean/maximum/minimum/median
time to get an accepted answer
for the asker in the past.

Mean/Max/Mi-
n/Median -
Speed First An-
swer

Mean/maximum/minimum/median
time to get the first answer for
questions that the asker asked in
the past.

A
n
s
w
e
r

A Body Length Length, in characters, of the an-
swer body, including source code
and HTML tagging.

A longer answer is usually more complex and
takes more time.

A Code Length Length, in characters, of the code
that is contained in the answer.

Answers with more code may require longer time.
Hence, there may be a relationship between such
code-related factors of answers and the time of
getting accepted answers.A Code Ratio Percentage of code in the answer

body.

A URL Number Number of URLs in the answer
body.

The presence of URLs provides a richer context
and thus may take more time for the answerer to
find the additional contexts.

A
n
s
w
e
r
e
r

A Number An-
swer

Number of answers that were
posted by the answerer in the
past.

Intuitively, there may be a relationship between
the activity level of an answerer and the speed
of the answerer answering a question. The activ-
ity level of an answerer could be estimated using
the number of questions and answers that she/he
posted.

A Number Ques-
tion

Number of questions that were
posted by the answerer in the
past.

A Mean/Max
/Min/Median -
Speed Answer

Mean/maximum/minimum/median
time to answer questions in the
past for the answerer.

The speed of answering questions in the past may
be a good indicator of the speed of answering
questions in the future for the same answerer.
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each word in the title. Having too many rare words in the title will result in a
small average entropy value. Hence, smaller entropy values indicate that the
question is more specific (i.e., rare). This factor measures the popularity of the
title of a given question across all question titles in our collected data.

Note that the text-related factors are not changeable even if we modify
the incentive systems (e.g., we cannot easily change how people write their
questions). Thus we control for these factors when we build our statistical
models.

3.1.2 Tag-Related Factors

Tags naturally represent the topics of a question. Intuitively, some topics are
easier to answer while some topics are harder to answer. The questions that
are associated with the hard topics (tags) are more likely to take a longer
period of time to receive an accepted answer than those that are associated
with the easy topics (tags). Thus, we extract tag-related factors in various
ways. In total, there are 9 factors in this dimension.

Tag Number is used to measure the complexity of the questions (i.e., more
complex questions tend to have more topics). A question that is related to
a large number of topics may require more expertises to answer, and may,
therefore, affect the time to get an accepted answer.

Tag popularity factors (i.e., Min\Max\Mean\Sum Tag Popularity) mea-
sure the popularity of tags. In most cases, a question is labeled with multiple
tags. Thus, we take the minimum, maximum, mean, and sum of the popu-
larity values of the tags for a question. The popularity of a tag could be an
important factor that affects the needed time for getting accepted answers.
Questions with popular tags may attract more attention from the community,
or may lack answerers to answer the question (e.g., too many questions with
the same tag).

Next, we explain how we calculate the tag popularity factors. The popu-
larity of a tag changes over time. Thus, we measure the popularity of a tag
using only recent history (i.e., 1 month prior to the posting of a question).
We count the number of associated questions as a measure of the popularity
of a tag. Given a tag t and a creation date d, the popularity of t on d is de-
noted by Popularity(t, d), where Popularity(t, d) is the number of questions
which were created for the past month before d. Suppose that given a question
q with a set of tags Tags = t1, t2, ..., tn. The factors Min\Max\Sum\Mean -
Tag Popularity could be calculated by taking the minimum, maximum, sum,
and average of the popularity values (Popularity(t, d)) of all the tags (Tags)
that are associated with the question.

Tag speed factors (i.e., Min\Max\Mean\Sum Tag Speed) consider the speed
of getting an accepted answer in all the questions that are associated with a
tag in a recent past period of time (i.e., past one month prior to the posting
of the question). Namely, we compute the average time to get an accepted an-
swer across all the questions that are associated with the same tag. We then
take the minimum, maximum, mean, and sum of their average time, since a
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question usually has multiple tags. The intuition here is that questions that
are labeled with different tags may have different speed of getting accepted
answers. We calculate the speed of a tag t, which is denoted by Tag Speed(t),
using equation 1, in which Qt is the set of questions that associated with tag
t. Tag Speed(t) presents the average time for a tag to get an accepted answer.

Tag Speed(t) =

∑qi∈Qt
qi

time to get an accepted answer for qi

|Qt|
(1)

We can then calculate Min\Max\Sum\Mean Tag Speed by taking the
minimum, maximum, sum, and average of the tag speed values (Tag Speed(t))
of all tags of a question.

When calculating the tag speed and popularity factors, we consider the
recent past period of time (i.e., one month) instead of the entire history since
the speed and popularity of a tag vary over time (see Figure 3).

Note that the tag-related factors are changeable if the incentive system is
changed properly. For example, if we give more rewards to questions that are
associated with some specific tags (e.g., rare or hard-to-answer tags), we may
probably improve the speed of receiving answers for such questions.
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Fig. 3: The trends of speed and popularity of the popular tags “javascript”
and “java” on Stack Overflow.

3.2 Asker Factors

Asker factors consider 20 factors that are related to the asker (e.g., the de-
veloper who posts the question) in two ways: asker reputation and historical
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information. We consider the asker reputation because recent studies show
that there is a correlation between a user’s reputation and the quality of their
posts (Ponzanelli et al., 2014c,a). The quality of a question may be associated
with the speed of receiving accepted answers for the question. In this study,
we do not use the reputation score directly to measure the reputation of the
asker for the following two reasons: 1) we require a snapshot of the status of
askers when they created the question, but the official data dump is released
periodically every few months and it only reports the latest reputation score
of a developer; 2) we find many cases where the askers in Mathematics, Ask
Ubuntu and Super User gain 101 reputation scores by simply linking their
Mathematics/Ask Ubuntu/Super User account to other Stack Exchange ac-
counts. Hence, the reputation score may not measure the contribution of an
asker accurately.

Thus, we estimate the reputation of an asker by considering votes using
the following proposed approach (Ponzanelli et al., 2014c). We estimate the
reputation of an asker using the following factors: Mean\Sum\Median Fa-
vorite Votes, Mean\Sum\Median Up Votes, and Mean\Sum\Median Down -
Votes. As observed in prior studies (Asaduzzaman et al., 2013; Yao et al.,
2013; Anderson et al., 2012), the expertise level of an asker or the presenta-
tion quality of a question may impact on the likelihood of receiving answers.
Therefore, an asker who received fast or more answers (e.g., short time to
get an accepted/first answer, or many questions with accepted answers) in
the past may indicate that his/her questions may be easier to understand or
answer. Thus, the tendency of receiving answers for a particular asker in the
past may impact the speed of receiving accepted answers for future questions.
Thus, we estimate the tendency of an asker to receive fast answers based on
the following factors: Question Accepted Answer, Question Answer, Total -
Answer, Mean\Max\Min\Median Speed Accepted Answer, and Mean\Max\-
Min\Median Speed First Answer.

We present below our approaches to calculate these asker factors in detail.
Since the vote data is readily available, we can calculate vote-related factors
directly. With respect to factors such as: Question Accepted Answer, Ques-
tion Answer, Total Answer, for each user, we count the number of questions
he/she asked that have an accepted answer, the number of questions with at
least one answer, and the total number of answers for all their questions in
the past, respectively. Mean\ Max\Min\Median Speed Accepted Answer can
be computed according to the description shown in Table 1 by taking the av-
erage, max, min, and median of the time to get an accepted answer across
all questions that are posted by the developer. We do similar calculations on
Mean\Max\Min\Median Speed First Answer by considering the first answer
of a question. Note that we consider the activities of the asker before the post-
ing date of a question (i.e., we do not consider their future activity after the
posting of an examined question).

Note that the asker factors are not changeable through the current incentive
system. Thus, we control for these factors when we build our models.
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3.3 Answer Factors

Answer factors consider four factors that are related to the answer of a ques-
tion: A Body Length, A Code Length, A Code Ratio, and A URL Number.
The definition and rationale of the factors are listed in Table 1. These factors
estimate the complexity of an answer in various ways. Generally, an answerer
is more likely to spend longer time to create a more complex and high quality
answer.

Note that the answer factors could be controlled by the incentive system.
For example, the incentive system could reward more scores to an answer with
code than one without code, so answerers are driven to answer questions with
attached code to get more scores.

3.4 Answerer Factors

The speed of getting an accepted answer is not only dependent on the question
itself and the asker, but it is also related to the answerers who provide such
answers. In this paper, we choose two ways to capture the activities of an
answerer, which are posting answers and posting questions. We would like to
use the quantity of questions and answers that are posted by an answerer and
the tendency of an answerer to answer a question in the past to estimate the
activeness of the answerer. We would like to study whether the needed time to
get an accepted answer is impacted by the activeness of the answerers. Similar
to the factors in the asker dimension, we look at the activities of answerers in
the past before the posting date of each examined question.

Answerer factors consider six factors that are related to answerers: the
number of answers that have been previously posted by the answerer (i.e., A -
Number Answer), the number of questions that have been previously posted by
the answerer (i.e., A Number Question), and the speed of responding to a ques-
tion by the answerer in the past (i.e., A Max Speed Answer, A Min Speed -
Answer, A Mean Speed Answer, and A Median Speed Answer). The factors
and their rationale are listed in Table 1.

Note that the answerer factors could be controlled by the incentive sys-
tems. For example, the current incentive system on Stack Exchange websites
is designed to ensure high-quality answers, so answerers are driven to post
high-quality answers. If the incentive system is designed to be more sensitive
to the speed of answering a question, the answerer may be driven to answer
questions faster.

4 Data Collection

In this section, we describe how we construct the datasets that we use for
further analysis.
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Table 2: Basic descriptive information about the four websites.

Name Description Period #Questions
Stack Overflow A Q&A community for pro-

grammers
2015.01.01 -
2015.12.31

55,853

Mathematics A Q&A website for math-
related questions

2010.7.20 -
2015.12.31

70,336

Ask Ubuntu A Q&A website for Ubuntu
users and developers

2009.01.08 -
2015.12.31

7,134

Super User A Q&A website for computer
enthusiasts and power users

2008.08.01 -
2015.12.31

10,776

There are 154 Q&A websites under the Stack Exchange family6 as of May
1st, 2016. These websites cover a very wide range of topics, such as technology,
culture, art, and business. We choose the top four most popular websites (i.e.,
most questions as of May 1st, 2016) which are related to software developers.
The studied websites are Stack Overflow7, Mathematics8, Ask Ubuntu9, and
Super User10. The basic description of each website is presented in Table 2.

We downloaded the data dump of these websites11. The data dump stores
all the information for the questions, tags, votes, and user histories of the stud-
ied websites in XML files (e.g., Posts.xml, Votes.xml, Users.xml, Tags.xml).
Posts.xml stores all the posted questions and answers. Each question contains
a title, body, the ID of the developer who created the question (asker), the cre-
ation date, tags that are associated with this question, the ID of the accepted
answer for the question (if any). Similarly, each answer contains a body, the
creation date, and the ID of the developer who posted the answer. Votes.xml
stores all the votes made on all posts (i.e., both questions and answers). Each
vote contains the following information: vote type (e.g., up, down, favorite,
etc.), and the ID of the developers who voted and the voting date. In our
study, we use Posts.xml and Votes.xml in the data dump.

We collect all the questions prior to Dec 31st, 2015 for Ask Ubuntu, Math-
ematics and Super User and all the questions for Stack Overflow of the entire
year of 2015. We choose the questions that have a score that is larger than
1 and an accepted answer, since we want to make sure that all studied ques-
tions have attracted enough attention from the community (Ponzanelli et al.,
2014c). We collect the questions for Stack Overflow in 2015 instead of all ques-
tions since we want to study the most recent questions. We select all questions
before 2016 for the three other websites since the number of questions of the
year 2015 is much smaller than Stack Overflow (i.e., 32,018, 7,969, and 7,607
for Mathematics, Ask Ubuntu, and Super User, respectively). Such small size
of questions may not allow us to draw a reliable conclusion. We end up with

6 https://stackexchange.com/sites
7 http://stackoverflow.com/
8 http://math.stackexchange.com/
9 http://askubuntu.com/

10 http://superuser.com/
11 https://archive.org/details/stackexchange
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206,479, 120,159, 36,020, and 56,988 questions from Stack Overflow, Mathe-
matics, Ask Ubuntu, and Super User, respectively.

We further filter out the questions that satisfy one of following criteria:

1. Questions that are self-answered. We find that some questions were
answered by the same developer who posted the question. The purpose of
posting a question for these developers is often not to seek an answer but in-
stead for knowledge sharing (e.g., the askers found the answer themselves).
Thus, we omit this type of questions from our study.

2. Questions with missing data. We find that some studied factors have
missing values. For example, for the speed-related factors (e.g., Max Tag -
Speed and Max Speed Accepted Answer), if the developers have never re-
ceived any accepted answers in the past, the values of these factors would
be missing (i.e., empty). In the following research questions, we build clas-
sification models using these factors in order to understand the relationship
between the studied factors and the needed time to get an accepted an-
swer. Such missing values affect the quality of the model. There are several
common approaches for dealing with missing values (Mockus, 2008): 1)
analyzing only the available data (i.e., ignoring the missing data); 2) im-
puting the missing data with replacement values (e.g., median, mean); and
3) imputing the missing data according to a distribution (e.g., use the same
values from similar posts). The first option is usually used when the values
are missing at random (Briggs et al., 2003). Data is said to be “missing at
random” if the reason that the data is missing is unrelated to actual values
of the missing data. In our case, the values are missing because there is no
historical data for the tags or the developers before the question is created
(i.e., the reason that the data is missing is not related to the actual values
of the data nor related to the needed time to receive an accepted answer).
Thus, we choose the first option for removing missing data.

Based on the first criterion, we remove 25,672, 3,344, 5,225, and 7,046
questions from Stack Overflow, Mathematics, Ask Ubuntu, and Super User,
respectively. Based on the second criterion, we end up with 55,853, 70,336,
7,134, and 10,776 questions on Stack Overflow, Mathematics, Ask Ubuntu,
and Super User, respectively. Table 2 summarizes the data after the cleaning
process. After collecting the data, we calculate the factors for each question
as we describe in Section 3.

We make the datasets and results of our case study publicly available12

and encourage others to replicate and verify our studies.

5 Preliminary Study

In this preliminary study, we first present some basic descriptive statistics
about the needed time to get an accepted answer (TimeToGetAcceptedAn-
swer) for the four studied websites. We are also interested in studying the

12 http://sail.cs.queensu.ca/replication/AnswerSpeedStackExchange/Index.html
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Fig. 4: The percentage of questions that receive an accepted answer in different
time on the four studied Q&A websites.

relationship between two simple yet intuitive factors (i.e., the length of the
question body (Q Body Length) and whether the question contains code s-
nippets) with TimeToGetAcceptedAnswer.

Q Body Length is the most intuitive factor that may affect the TimeTo-
GetAcceptedAnswer. If a question has a longer body, the question may be
more complex and may require more time to receive an accepted answer. In
addition, attaching code snippets may help explain the questions better in
technical Q&A websites. Thus, we would like to see if attaching code snippets
to a question impacts the speed of receiving an answer.

Results: More than half of the answered questions receive an ac-
cepted answer within one hour. We present the histograms of TimeToGe-
tAcceptedAnswer across the four studied Q&A websites in Figure 4. We find
that more than half of the answered questions get accepted answers within one
hour after the question is posted. There are 69.2%, 63.6%, 57.6%, and 63.7%
answered questions that get an accepted answer within one hour on Stack
Overflow, Mathematics, Ask Ubuntu, and Super User, respectively. Overall,
at least 87.3% of the answered questions are answered within 24 hours across
four websites. However, there are still 2,144 (3.8%), 2,401 (3.4%), 507 (7.1%),
and 460 (4.3%) answered questions that received accepted answers beyond one
week on Stack Overflow, Mathematics, Ask Ubuntu, and Super User, respec-
tively.

In general, it takes more time to get an accepted answer if a ques-
tion has a longer body, although the correlation is not strong. Fig-
ure 5 presents the boxplots of TimeToGetAcceptedAnswer against the length
of question body (i.e., Q Body Length). For better visualization, we perform
a logarithm-transformation on the value of the TimeToGetAcceptedAnswer
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Fig. 5: Boxplots of the time (in hours) of getting an accepted answer against
length of the question body. The mean value of each boxplot is also highlighted
in red color in the plot.

Table 3: The comparison between the questions with code (groupcode) and
those without code (groupnoCode).

Websites Mean of
groupcode
(hours)

Mean of
groupnoCode

(hours)

p−value Cliff’s d

Stack Overflow 43.0 119.5 1.8E-124 0.21 (small)
Mathematics 66.9 65.1 0.10 0.03 (negligible)
Ask Ubuntu 113.9 163.7 0.37 0.01 (negligible)
Super User 145.2 124.0 1.6E-08 0.07 (negligible)

and the Q Body Length. Across the four studied Q&A websites, we see that
the mean value of TimeToGetAcceptedAnswer increases as the length of the
question body increases. We also compute the Spearman correlation between
TimeToGetAcceptedAnswer and Q Body Length. We choose Spearman cor-
relation since it places no assumption on the distribution of the data (i.e., the
data does not need to be normally distributed). The correlation values are
0.21, 0.21, 0.16, and 0.19 for Stack Overflow, Mathematics, Ask Ubuntu, and
Super User, which implies that there is a correlation between the length of a
question and the needed time to receive an accepted answer, even though the
relation is weak. Such observation also implies that we must control for the
length of a question in our statistical models in order to better understand the
effect of other factors on the needed time to get an accepted answer.

Whether a question has code snippets or not has a small impact
on the needed time to get an accepted answer on Stack Overflow and
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a negligible impact on other three websites. We classify the questions into
two groups: questions with code snippets (groupcode) and questions without
code snippets (groupnoCode). Table 3 presents the results of the comparison
between groupcode and groupnoCode. In general, we do not find much difference
in terms of TimeToGetAcceptedAnswer between these two groups.

In terms of mean values, the TimeToGetAcceptedAnswer of groupcode is s-
maller than that of groupnoCode on Stack Overflow and Ask Unbuntu, while the
TimeToGetAcceptedAnswer of groupcode is longer than that of groupnoCode on
Super User. In Mathematics, the mean values of the TimeToGetAcceptedAn-
swer of two groups are almost the same. We perform a Mann-Whitney U
test (Moore et al., 2009) and Bonferroni correction (Dunn, 1961) to test
whether or not the differences of TimeToGetAcceptedAnswer are statistically
significant between the two groups. We choose Mann-Whitney U test since it
is a non-parametric test (does not have any assumption on the underlying da-
ta distribution). We use Bonferroni correction to control the familywise error
rate in multiple comparisons. We also compute Cliff’s d (Cliff, 1993), which
measures the effect size of the differences between two groups (i.e., how large
is the difference). The effect size is assessed using the thresholds provided by
Cliff (1993), i.e. |d| < 0.147 means the effect size is negligible, |d| < 0.33 means
small, |d| < 0.474 means medium, and large otherwise. From Table 3, we see
that the differences between the two groups on Mathematics and Ask Ubun-
tu are not significant (adjusted p-value > 0.0125), while the differences on
Stack Overflow and Super User are statistical significant (adjusted p-value <
0.0125). In terms of the effect size, the differences on Stack Overflow is small
and negligible for the other three websites.

In short, although most answered questions receive an accepted answer with-
in an hour, there are still hundreds of thousands of questions that take a long
time to be answered, which may delay developers. In addition, the time to re-
ceive an accepted answer has a weak relationship with the length of a question
and whether a question contains code snippet. There may be other factors that
have a more important impact on the speed of getting an accepted answer.
Hence, in the next section, we use a logistic regression to build a model using
multiple factors to further understand which factors are related to the speed of
getting an accepted answer.

6 Case Study Results

In this section, we first present the approach that we use to study the rela-
tionship between the studied factors and the needed time to get an accepted
answer. Then, we discuss our case study results.
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6.1 Using Regression Models to Study the Relationship Between the Studied
Factors and the Speed of Getting an Accepted Answer

As we find in Section 5, factors that measure the complexity (body length)
and richness (whether a question contains code snippets) of a question have a
low correlation with the needed time to get an accepted answer. Hence, in this
Section, we want to further investigate the relationship between each studied
factor in the four dimensions (as presented in Section 3) with the needed
time to get an accepted answer (referred to as TimeToGetAcceptedAnswer).
We hope the result can help a Q&A website designers improve the incentive
systems to aim to shorten the needed time to receive an accepted answer for
a question.

Approach: We are interested in studying the factors that may be used to
distinguish between the questions that receive an accepted answer rapidly and
the questions that take a long time to receive an accepted answer. To do so,
we use classification models to understand the impact of each studied factor
on the speed (i.e., fast and slow) of getting an accepted answer for a question.
Similar to prior studies (McIntosh et al., 2016; Thongtanunam et al., 2016;
Chen et al., 2012), our goal of building a classification model is not to predict
the speed of getting an accepted answer for a question, but to understand the
relationship between the factors (referred as the explanatory variables of the
model) and the speed of getting an accepted answer for a question (referred
as the response variable of the model).

We sort the questions based on their needed time to get an accepted an-
swer, and then label the top 20% of questions as the fast-answered questions
and bottom 20% of questions as the slow-answered questions. Then, we re-
move correlated and redundant factors and build our models by using logistic
regression model. Logistic regression model enables us to examine the effect of
one or more variables on a response variable when controlling for other vari-
ables. Similar to previous work (McIntosh et al., 2016; Thongtanunam et al.,
2016), we added non-linear terms in the model to capture more complex re-
lationship in the data by employing restricted cubic splines (Harrell, 2006).
We use the R package rms13 as the implementation of our logistic regression
model. We use AUC and bootstrapping to assess the explanatory power of
the logistic regression model by following prior studies (McIntosh et al., 2016;
Thongtanunam et al., 2016). High AUC means the model has high ability to
capture the relationship between the explanatory variables and the response
variable. For more details about the process of model construction, please see
Appendix.

To understand the impact of each factor to the TimeToGetAcceptedAn-
swer. We use the anova function in the R package rms to compute the Wald
χ2 value (i.e., impact) and the statistical significance (p-value) of each factor.
We choose ANOVA since the studied factors are normalized (see Normality
Adjustment in Appendix) and independent of each other. To understand the

13 https://cran.r-project.org/web/packages/rms/index.html
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impact of each dimension of factors, we also jointly test the Wald χ2 on each
dimension. The larger the Wald χ2 value, the larger the impact of a factor
on the TimeToGetAcceptedAnswer. To ease the comparison across the four
websites, we present the overall and non-linear (NL) Wald χ2 of each factor as
the proportion in relation to the total Wald χ2 of the corresponding model
for each website. Hence, the sum of Wald χ2 of all factors is 1.

We use the Predict function in the rms R package to plot the estimated
likelihood of whether the speed of getting an accepted answer for a question
belongs to the fast or slow category against a factor. The analysis allows us to
further understand how a factor affects the value of the response variable. We
hold the other factors at their median values when exploring one factor.

Results: Our resulting models are stable and have high explanatory
power. Table 4 shows that when using the remaining factors after the variable
selection process, our models achieve AUC values of 0.946, 0.942, 0.850, and
0.857 on Stack Overflow, Mathematics, Ask Ubuntu, and Super User, respec-
tively. The high AUC values suggest that our models have a high explanatory
power when studying the needed time to get an accepted answer (i.e., fast or
slow). The AUC optimism is also small, ranging from 0.0005 to 0.008, which
means that the resulting models are stable (i.e., not overfitted).

After controlling for unchangeable factors, such as the length of
the answer, the speed of how fast an answerer answers questions in
the past is the most important factor in our models. Table 4 shows the
results of our models and the effect of each factor on TimeToGetAcceptedAn-
swer. Intuitively, longer answers require more time to write. As supported by
the results shown in Table 4, A Body Length is ranked as the most importan-
t factor in Mathematics, and is ranked as the second most important factor
in the rest of the studied websites. The relationship between A Body Length
and TimeToGetAcceptedAnswer is almost linear, since the non-linear (i.e.,
non-linear column in Table 4) term does not provide much explanatory power
to the models.

After controlling for A Body Length, the median speed of answering ques-
tions in the past for an answerer (A Median Speed Answer) contributes the
most in the regression models across four websites (see the overall Wald χ2

proportion values). We could also see that the relationship between A Me-
dian Speed Answer and TimeToGetAcceptedAnswer is non-linear, since the
non-linear term of A Median Speed Answer provides a statistically significant
and large explanatory power to the model. From Table 4, we observe that
in most cases, non-linear terms do not provide much explanatory power to
the models, except for some factors that are related to speed (i.e., A Mean -
Speed Answer, Mean Tag Speed, and A Median Speed Answer), which make
significant contributions to the models.

Figure 6 shows the relationship between the most important factors and
the TimeToGetAcceptedAnswer. The gray area shows the confidence interval.
The larger the confidence interval, the wider the gray area (i.e., the relationship
is less clear). We find that the probability of getting a fast answer increases
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Table 4: An overview of the results of the regression models. The overall and
non-linear (NL) Wald χ2 of each factor is shown as the proportion in relation
to the total Wald χ2 of the model. The top five factors for each website are
shown in bold and italic. (*) p < 0.05; (**) p < 0.01; (***) p < 0.001. (+)
Discarded during factor selection; (-) Non-linear term not allocated.

Factor Stack Overflow Mathematics Ask Ubuntu Super User

AUC 0.946 0.942 0.850 0.857
AUC optimism 0.0008 0.0005 0.008 0.005

Wald χ2 5962.4 7613.6 700.1 1083.7
Budget Degrees of
Freedom (D.F.)

3723 4689 475 785

Degrees of Freedom
(D.F.) Spent

42 41 40 39

Overall NL Overall NL Overall NL Overall NL

Question

Q URL Number
D.F. 1

-
1

-
1

-
1

-
χ2 0.2*** 0 0.1 0

Q Body Length
D.F. 1

-
2 1 3 2 3 2

χ2 6.0*** 4.2*** 0.4*** 12.9*** 1* 10.6*** 0.6*

Q Title Length
D.F. 1

-
1

-
1

-
1

-
χ2 0.3*** 0 0.7* 0.1

Q Code Length
D.F. 1

-
1

-
1

-
1

-
χ2 0.7*** 0 3.4*** 0.2

Q Title Populari-
ty

D.F. 2 1 1
-

1
-

1
-

χ2 1.5*** 0.1*** 0.4*** 1.9*** 1.0***

Q Capital Title
D.F. 1

-
1

-
1

-
1

-
χ2 0 0.1* 0 0

Tag Number
D.F. 1 1 1 1

χ2 0.5*** 0.6*** 0.3 0

Min Tag Speed
D.F. 2 1 1

-
1

-
1

-
χ2 0.2** 0.1*** 0.1*** 0.6*** 0

Mean Tag Speed
D.F. 3 2 3 2 3 2 2 1

χ2 6.4*** 3.3*** 3.0*** 2.6*** 2.4*** 1.6*** 2.6*** 2.2***

Min Tag Popu-
larity

D.F. 2 1 1
-

1
-

1
-

χ2 0.2*** 0.2*** 0 0 0.4***

Mean Tag Popu-
larity

D.F. 2 1 1
-

1
-

1
-

χ2 1.4*** 0 0.2*** 0 0.1

Asker
Mean Favorite -
Votes

D.F. 1
-

1
-

1
-

1
-

χ2 0 0.3*** 0.6*
-

0.1

Median Fa-
vorite Votes

D.F. 1
-

1
-

1
-

1
-

χ2 0 0 1.4*** 0

Sum Up Votes
D.F. 1

-
1

- +
1

-
χ2 1.0*** 0.5*** 0.1

Median Up Votes
D.F. 1

-
1

-
1

-
1

-
χ2 0 0.1** 0.5* 0

Median Down -
Votes

D.F. 1
-

1 1
- +

χ2 0.1*** 0 0.5***

Sum Down Votes
D.F. 1

-
1

-
1

-
1

-
χ2 0.2*** 0 1.8*** 0.1

Total Answers
D.F. 1

-
1

-
1

-
1

-
χ2 0.4*** 1.0*** 1.0** 0.4

Min Speed Ac-
cepted Answer

D.F. 1
-

1
-

1
-

1
-

χ2 0 0 1.0** 0.5**

Median Speed -
Accepted Answer

D.F. 1
-

3 2 2 1 1
-

χ2 0*
-

1.6*** 1.4*** 1.5** 0.8** 0.6**

Mean Speed Ac-
cepted Answer

D.F. 1
-

2 1 1
-

1
-

χ2 0.2*** 0.4*** 0.1*** 0.1 0.3*

Answer

A URL Number
D.F. 1

-
1

-
1

-
1

-
χ2 0.1** 0 0 0.2

A Body Length
D.F. 2 1 4 3 4 3 4 3

χ2 7.9*** 0.5*** 41.7*** 0.9*** 9.0*** 0.5 12.7*** 0

A Code Length
D.F. 2 1 1

-
3 2 2 1

χ2 0.5*** 0.3*** 0 0.9*** 0.8*** 0.7** 0.2

Answerer
A Number An-
swer

D.F. 2 1 1
-

1
-

1
-

χ2 0.4*** 0 0.7*** 0.1 0.1

A Number Ques-
tion

D.F. 1
-

1
-

1
-

1
-

χ2 0.5*** 0.3*** 0 0.7***

A Median -
Speed Answer

D.F. 4 3 4 3 4 3 4 3

χ2 20.2*** 14.8*** 32.3*** 22.1*** 39.6*** 21.0*** 47.7*** 30.5***

A Mean Speed -
Answer

D.F. 2 1 2 1 2 1 3 2

χ2 1.4*** 1.2*** 0.1* 0 0.1 0.1 0.3 0.1

A Max Speed -
Answer

D.F. 1
- + + +

χ2 0.7***

Dimension

Question
D.F. 17 14 14 14

χ2 33.9*** 12.4*** 22.6*** 17.9***

Asker
D.F. 10 13 11 10

χ2 3.0*** 7.4*** 6.8*** 2.7***

Answer
D.F. 5 6 7 6

χ2 20.6*** 39.1*** 20.7*** 21.5***

Answerer
D.F. 10 8 8 9

χ2 42.4*** 41.0*** 49.7*** 57.9***
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Fig. 6: The estimated probability when the values of A Body Length, A Me-
dian Speed Answer change. Y axis is the probability of getting a slow answer.
X axis is the value after taking the logarithm of factors. The gray area shows
the 95% confidence interval.

as the length of answer body decreases across four websites. We can also see
that the probability of getting a slow answer increases significantly when the
value of A Median Speed Answer increases up until an inflection point with a
small confidence interval (i.e., the gray bands are narrow). After the inflection
point, the curve goes down gradually but with a wide confidence interval.
The analysis result indicates that a question is more likely to receive a fast
accepted answer from answerers who previously answered questions fast in the
past. After the inflection point, the probability goes down slowly with a larger
uncertainty (i.e., the relationship is less clear due to the lack of data points in
that data range).

The likelihood of receiving a fast accepted answer relies mostly
on the answerers rather than on factors in the question, asker, and
answer dimensions. As shown in Table 4, we can see that the answerer
dimension has the largest explanatory power in the model across the four
websites. The finding suggests that the speed of receiving an accepted answer
across the websites relies primarily on the community, i.e., the answerers. In
other words, when an asker posts a new question on the Q&A website, the
biggest factor that may affect the needed time to receive an answer is the
person who answers the actual question (after controlling for unchangeable
factors).

Our findings suggest that it is very important to find the most suitable
answerers to answer a question and motivate them to answer questions faster.
Thus, in order to shorten the waiting time for an asker to get an accepted
answer, we suggest that Q&A website designers should make the incentive
system more sensitive to the speed of answering a question for an answerer. In
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Table 5: The results of cross-website model validation in terms of the ratio in
relation to the AUC values that are obtained from the models that are trained
from the same website.

Training → Testing Ratio Training → Testing Ratio
Super User → Ask Ubuntu 0.99 Stack Overflow → Super User 0.97
Super User → Stack Overflow 0.98 Stack Overflow → Ask Ubuntu 0.98
Super User → Mathematics 0.98 Stack Overflow → Mathematics 0.98
Ask Ubuntu → Super User 0.98 Mathematics → Ask Ubuntu 0.98
Ask Ubuntu → Stack Overflow 0.98 Mathematics → Super User 0.99
Ask Ubuntu → Mathematics 0.97 Mathematics → Stack Overflow 0.99

addition, Q&A website designers should spend more efforts on delivering the
questions to the most suitable answerers as soon as possible.

Discussion: We are also interested in investigating whether the relationships
between the studied factors and the needed time to get an accepted answer
are consistent across Stack Exchange Q&A websites. By knowing this, we can
further verify the importance of the factors when studying the needed time to
get an accepted answer.

Thus, we perform a cross-website model validation. In each iteration, we
pick one Q&A website as the training data to train the model and test the
learned model on the rest of the Q&A websites. If the model built from one
website works well on other websites, it indicates that the studied factors share
a similar relationship with the needed time to get an accepted answer across
different websites.

The relationships between the studied factors and the needed time to get
an accepted answer are consistent across websites. Table 5 presents the results
of cross-website validation in terms of the ratio in relation to the AUC val-
ue obtained from the models trained on the same website. The ratios range
from 0.97 to 0.99, which indicates that the model trained from other websites
performs as good as the one trained from itself, which further indicates that
the relationships between the studied factors and the needed time to get an
accepted answer are consistent across websites. Our finding indicates that re-
gardless of the types of the questions that are asked (e.g., computer science
theory, programming, math, or system administration), finding the right an-
swerers who can answer your question can significantly help reduce the needed
time to get an accepted answer.

�

�

�

�

After controlling for unchangeable factors, the speed of how fast an an-
swerer answers questions in the past is the most important factor in our
model. Thus, in order to shorten the waiting time for an asker to get an
accepted answer, Q&A website designers should make the incentive system
more sensitive to the speed of answering a question and spend more efforts
on delivering the questions to the most appropriate answerers as soon as
possible.
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6.2 Understanding the Relationship Between the Answerer Community and
the Speed of Getting an Accepted Answer

In the previous subsection, we find that the speed of receiving an accepted
answer across the websites relies primarily on the communities - answerers. In
addition, we find that the effect of the studied factors on the needed time to
get an accepted answer is consistent across the studied websites. Thus, in this
section, we would like to investigate more about the answerer community. We
would like to know who actually answers the questions. We also would like to
investigate the potential reason that drives answerers to answer questions. By
better understanding the answerer community, we can provide some sugges-
tions to the Q&A website designers on how to improve the incentive system
to attract more answerers to answer questions faster.

Approach: To understand who answers questions, we classify the answerers
into different groups based on the number of questions that they answered in
the past. Then, we present some basic descriptive (i.e., the number of ques-
tions that are answered by different groups of answerers and the percentage
of different groups of answerers) statistics about the answerers who belong
to the different groups. We use plots to visualize our results relative to the
different groups of answerers. We also compare the TimeToGetAcceptedAn-
swer of the questions that were answered by non-frequent answerers (i.e., those
who answered no more than 5 questions in the past) and frequent answerers
(i.e., those who answered more than 5 questions in the past). We perform a
Mann-Whitney U test (Moore et al., 2009) and Bonferroni correction (Dunn,
1961) to determine whether the differences between two groups are statisti-
cally significant. Finally, we use Cliff’s d (Cliff, 1993) to determine the effect
size of the differences between the two groups. More specifically, to under-
stand who actually answers slowly, we analyze the relationship between the
slow-answered questions (i.e., bottom 20% of the questions) and the different
answerer groups. To understand the potential reasons that drive answerers to
answer the questions, we analyze how the reputation scores change over time
and to examine whether the current reputation score system motivates the
answerers well.

Results: 86%–96% of the accepted answers are written by frequen-
t answerers. Figure 7 presents the percentage of the questions that were
answered by the answerers who have different levels of contribution (i.e., an-
swered a different number of questions in the past). We could see that 94.6%,
96.1%, 88.9% and 86.2% of the questions in Stack Overflow, Mathematics, Ask
Ubuntu, and Super User were answered by frequent answerers (developers who
answered more than 5 questions in the past). We find that more answers were
answered by frequent answerers on Stack Overflow and Mathematics than on
Ask Ubuntu and Super User. On Ask Ubuntu and Super User, there is a higher
ratio of answerers who only answered one or two questions in the past.

In general, on Stack Overflow and Mathematics, the questions were almost
answered by the same group of answerers - frequent answerers. Such differences
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Fig. 7: The percentage of questions that are answered by answerers who an-
swered X question in the past.

Table 6: The comparison of TimeToGetAnAcceptedAnswer between frequent
answerers (FA) and non-frequent answerers (NFA).

Websites Mean
of FA
(hours)

Median
of FA
(hours)

Mean
of NFA
(hours)

Median
of NFA
(hours)

p−value Cliff’s d

Stack Overflow 43.4 0.4 267.7 1.5 2.2E-16 0.35 (medium)
Mathematics 61.9 0.5 225.7 0.9 2.2E-16 0.18 (small)
Ask Ubuntu 117.2 0.7 425.0 1.1 2.5E-13 0.16 (small)
Super User 103.4 0.5 347.2 0.8 1.2E-13 0.12 (negligible)

Table 7: The comparison of score between the questions that are answered
by non-frequent answerers (NFA) and those that are answered by frequent
answerers (FA).

Websites Mean of FA Mean of NFA p−value Cliff’s d
Stack Overflow 3.5 3.5 0.34 0.0004 (negligible)
Mathematics 4.1 4.2 0.96 0.01 (negligible)
Ask Ubuntu 9.1 10.4 0.94 0.05 (negligible)
Super User 7.3 7.5 0.51 0.02 (negligible)

among the answerer community on the four studied websites may also explain
why the answerer dimension has a smaller, but still very significant, effect on
the TimeToGetAnAcceptedAnswer on Stack Overflow and Mathematics than
on the other two websites, where almost all questions are answered by frequent
answerers.
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In general, non-frequent answerers answer questions slower than
frequent answerers. However, the questions that are answered by
non-frequent answerers are as important (i.e., have similar range
of scores) as those that are answered by frequent answerers. To fur-
ther understand the relationship between different answerer groups and the
TimeToGetAnAcceptedAnswer, we further study how fast do answerers in
different groups answer questions. Table 6 shows the difference of TimeToGe-
tAcceptedAnswer between frequent answerers and non-frequent answerers. We
see a consistent pattern that frequent answerers answer questions faster than
non-frequent answerers across the four websites. The mean values of TimeTo-
GetAnAcceptedAnswer of frequent answerers are 43.4, 61.9, 117.2, and 103.4
hours on Stack Overflow, Mathematics, Ask Ubuntu, and Super User, respec-
tively; however, the mean values of TimeToGetAnAcceptedAnswer of non-
frequent answerers are 267.7, 225.7, 425.0, and 347.2 hours on these websites,
respectively.

On average, the frequent answerers answer questions within 81 hours (i.e.,
3.4 days) across the four websites, while non-frequent answerers take 316.4
hours (i.e., 13.1 days) to answer questions. The results of Mann-Whitney U
test and Bonferroni correction show that the differences are statistically sig-
nificant (adjusted p-value < 0.0125). The results of Cliff’s d suggests that the
effect sizes of the differences are medium, small, small, and negligible on S-
tack Overflow, Mathematics, Ask Ubuntu, and Super User, respectively. In
general, non-frequent answerers answer questions much slower than frequent
answerers.

We also look at the scores of the questions that are answered by non-
frequent answerers and frequent answerers (see Table 7). The results show that
there are no significant differences between the questions that are answered by
non-frequent answerers and frequent answerers. In other words, the questions
that are answered by non-frequent answerers are as important as those that are
answered by frequent answerers. For instance, Figure 8 presents an example
of a highly-scored question that waited for more than one week to receive
an accepted answer from a non-frequent answerer14. The question received
82 scores. Its corresponding accepted answer that was provided by the non-
frequent answerer received 98 scores and an additional 100 bounties from the
community, which indicates that the answer is not only helpful to the asker,
but also very useful to other users on Super User.

At least 61.3% of the questions that are answered by non-frequent
answerers are slow-answered questions. Such slow-answered ques-
tions are likely to remain unanswered if they were not answered by
the non-frequent answerers. 86.9%, 71.0%, 65.5%, and 61.3% of the ques-
tions that are answered by non-frequent answerers are slow-answered questions
on Stack Overflow, Mathematics, Ask Ubuntu, and Super User. Moreover, we
also look at the number of slow-answered questions that are answered by non-

14 https://superuser.com/questions/950009/cortana-search-is-not-finding-applications-on-
windows-10/



Understanding the Drivers for Fast Answers in Technical Q&A Websites 27

 

 

Fig. 8: An example of a high-scored question that waited for more than one
week to receive an accepted answer from a non-frequent answerer.

frequent answerers. We observe that 1245 (11.4%), 799 (5.7%), 232 (16.2%),
and 409 (19.0%) slow-answered questions are answered by non-frequent an-
swerers on Stack Overflow, Mathematics, Ask Ubuntu, and Super User, re-
spectively. Such slow-answered questions probably would have remained u-
nanswered if they were not answered by non-frequent answerers. Anderson
et al. (2012) observed that the answerers on Stack Overflow are organized like
a latent “pyramid” with active answerers at the top. Once questions are creat-
ed, frequent answerers, who are active on Q&A websites, would try to answer
the questions according to their expertise. However, the remaining questions
would need to wait for another set of answerers (i.e., non-frequent answer-
ers) to answer. In other words, such slow-answered questions, which probably
require unique expertise, could only be answered by such non-frequent answer-
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ers, which is compatible with the prior observation that some answerers may
have unique expertise on specific topics (Adamic et al., 2008).

For example, Figure 9 presents the profile of the user that provided the
accepted answer for the question that is shown in Figure 8. This non-frequent
answerer only answered four questions in total. However, two of them received
56 and 98 scores and both of these two questions are related to “search on
Windows 10”, which indicates that the non-frequent answerer likely has high
expertise on “search on Windows 10”.

 

 

Fig. 9: An example of profile of a non-frequent answerer whose expertise in
“search on windows 10”.

The current incentive system only motivates frequent answerers
well, but not non-frequent answerers. Frequent answerers tend to
answer easier questions than non-frequent answerers. One possible
reason that drives frequent answerers to be more active may be that they
have a much stronger interest in increasing their reputation scores than non-
frequent answerers. Figure 10 shows the increase in reputation score from
March 2016 to June 2016 for different groups of developers that have different
reputation scores (i.e., log(x)). The finding gives an initial evidence that the
developers who have more reputation scores are more active on increasing
their reputation scores and the developers that have low reputation scores are
not motivated by the incentive systems. The one with high reputation scores
are usually frequent answerers and the one with low reputation scores are
usually non-frequent answerers (i.e., the reputation score of a developer has
a high correlation with the number of questions that are answered by this
developer with a correlation value at least of 0.87 across four websites). In
other words, the current incentive system only attracts some of the answerers
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Fig. 10: The boxplots of increase in reputation scores (from March 2016 to
June 2016) against developers that have log(x) reputation scores in March
2016.

(i.e., the frequent answerers who have high reputation scores) while there is
still a considerable number of non-frequent answerers who are not attracted
by the incentive system.

These non-frequent answerers could have answered questions fast, but due
to some reasons the answers were delayed. One possible reason is that the non-
frequent answerers are not active enough to spend time on the Q&A websites
in search of questions to answer. However, such non-frequent answerers are
important for the community since they have their own expertise to answer
some very specific questions (i.e., slow-answered questions). It would signifi-
cantly improve the askers’ satisfaction if these slow-answered questions could
be answered fast. For instance, Figure 11 presents a question that waited for
about one year to get its accepted answer from a non-frequent answerer on
Stack Overflow15. The question is about the error that comes from the Julia
program language when using a Python library called PyPloy and is tagged
with “matplotlib” and “julia-lang” (the tag for julia program language). We
notice that there is less than 3,000 questions on Stack Overflow that are tagged
with “julia-lang”, which implies that questions that are tagged with “julia-
lang” are rare. Only the developers that are knowledgeable of “julia” are able
to answer it. If the answerer were more active, this question probably would
be answered much faster.

15 http://stackoverflow.com/questions/28553722/pyplot-error-in-julia-type-pyobject-has-
no-field-set-yscale
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Based on what we observed in this example, we are also interested to
see whether the tags that are associated with slow-answered questions are
more specific and rarer than those tags that are associated with fast-answered
questions. To do so, we compare the popularity (i.e., Mean Tag Popularity) of
tags between slow-answered and fast-answered questions. Compared with the
median Mean Tag Popularity values of slow-answered questions (i.e., 3288,
191, 34, and 89 on Stack Overflow, Mathematics, Ask Ubuntu, and Super
User, respectively), we see that the median Mean Tag Popularity values of
fast-answered questions (i.e., 6540, 279, 38, and 89.5 on these four websites)
are significantly higher. The results show that slow-answered questions are
usually associated with rarer tags than fast-answered questions across the four
studied websites.

To further understand whether the questions that were answered by non-
frequent answerers are more complex, we compare the average body length
of the questions between frequent and non-frequent answerers. The results
show that the questions that were answered by non-frequent answerers are sig-
nificantly longer than those that were answered by frequent answerers, which
probably implies that questions that were answered by non-frequent answerers
are more complicated than the ones that were answered by frequent answerers.
In other words, frequent answerers tend to answer short questions. One pos-
sible reason is that some frequent answerers prefer answering easier questions
since such questions have the same reward as hard questions. This observa-
tion is also acknowledged by the Stack Overflow developers16. Developers are
complaining that some answerers may game the incentive system by always
answering easy questions, and other more difficult and perhaps valuable ques-
tions would be ignored and buried by new questions. However, future studies
should conduct a survey with developers in order to further understand what
drives developers to answer particular questions over other questions.

As we observed, non-frequent answerers are usually the bottleneck and they
are essential to the Q&A websites, since they may have unique knowledge on
certain topics (Adamic et al., 2008). Thus, to help reduce the needed time to
get an answer, Q&A website designers should improve the incentive system
to attract non-frequent answerers to be more active and answer questions fast
(e.g., rewarding the non-frequent answerers more scores if they stay online
for enough time). Another suggestion is to consider improving the question
answering incentive system to factor in the value and difficulty of answering
questions (e.g., providing additional rewards to harder questions or questions
that remain for long time), since frequent answerers tend to answer short
questions.

16 https://meta.stackoverflow.com/questions/295688/how-to-highlight-difficult-or-old-
questions-and-then-reward-the-answers; the post received 56 up votes, 10 favorite votes,
and 1,189 views
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Fig. 11: An example of a domain-specific question that waited for one year to
receive an accepted answer from a non-frequent answerer.
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In general, non-frequent answerers answer questions slower than frequen-
t answerers and the questions that are answered by non-frequent answer-
ers are as important (i.e., have similar range of scores) as those that are
answered by frequent answerers. Such slow-answered questions would have
remained unanswered if they were not answered by the non-frequent an-
swerers. Hence Q&A website designers should improve the incentive system
to attract the non-frequent answerers to be more active and improve the
incentive system to factor in the value and difficulty of questions.
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7 Threats to Validity

7.1 Internal Validity

One threat to internal validation relates to the categorization on our datasets,
in which we consider top 20% and bottom 20% as the fast-answered questions
and slow-answered questions. To address this threat, we build the regression
model using different percentages of data. We consider using the top and
bottom 30% and 40% of the data to build a regression model. The mean values
of the TimeToGetAcceptedAnswer of slow-answered questions are 7-19.1 days
and 5.1-14.3 days for 30% and 40% of the data across the four websites. We
want to see if the findings are consistent when the threshold changes. Table 8
presents the results of the model built using the top and bottom 30% and 40%
of the data. We highlight the top five most important factors for each website
in bold font. We see that the top five most important factors are consistent
in the models that are built using 20%, 30%, and 40% of data across the four
studied websites. In terms of AUC, as the percentage of the data that is used to
build the model increases, the AUC value decreases. This is expected, because
as the data gets closer to the median boundary, the difference between the fast-
answered and slow-answered questions becomes smaller. However, even with
the top and bottom 40% of data, the resulting models are still reasonably
good: the models achieve AUC of 0.88, 0.87, 0.76, and 0.77 on Stack Overflow,
Mathematic, Ask Ubuntu, and Super User, respectively. Based on the above-
mentioned results, we can conclude that our observations are not particularly
sensitive to the threshold that we choose.

7.2 External Validity

It is unclear whether our findings hold for other Q&A websites under Stack
Exchange or other Q&A websites. To alleviate this issue, we do the experiment
on the four most popular Q&A websites under Stack Exchange. Regarding
the factors that we considered, there might be additional factors that could
be more relevant to the needed time to get an accepted answer for a question.
However, our results show that the explanatory power of our models is very
high when using the studied factors. Future studies should investigate more
Q&A websites and consider more factors.

Another threat is that we did not validate our findings with the stakeholder
of Stack Exchange (e.g., Stack Exchange designers and users). To alleviate this
issue, we shared our findings with Stack Overflow developers and they agree
with our finding that frequent answerers tend to answer easier questions and
a better way is needed to motivate users to contribute to hard questions.
They mention that there is no solution yet. Hence, future studies are needed.
This paper is the first work that identifies the problem while providing initial
insights for possible solutions for future studies to explore.
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Table 8: The results of the model built based on top and bottom 30% and
40% of data. The top five most important factors and the most important
dimension of each website are in bold.

Factor Stack Overflow Mathematics Ask Ubuntu Super User

The model built on top and bottom 30% of the data.

AUC 0.917 0.912 0.802 0.817
AUC optimism 0.0006 0.0003 0.003 0.001

Overall NL Overall NL Overall NL Overall NL

A Median -
Speed Answer

D.F. 4 3 4 3 4 3 4 3

χ2 21.7*** 16.5*** 33.4*** 23.0*** 38.8*** 21.1*** 49.3*** 35.7***

A Body Length
D.F. 2 1 4 3 4 3 4 3

χ2 6.9*** 0.5*** 40.0*** 1.1*** 8.0*** 0.4 12.4*** 0.2

Q Body Length
D.F. 1

-
2 1 3 2 3 2

χ2 5.3*** 2.5*** 0.2*** 10.7*** 1* 8.3*** 0.1*

Mean Tag Speed
D.F. 3 2 3 2 3 2 2 1

χ2 5.5*** 2.6*** 2.6*** 2.3*** 2.6 1.7 3.4*** 2.8***

Q Title Populari-
ty

D.F. 2 1 1
-

1
-

1
-

χ2 1.1*** 0.1*** 0.3*** 2.1*** 0.5***

Median Speed -
Accepted Answer

D.F. 1
-

3 2 2 1 1
-

χ2 0.1***
-

1.4*** 1.1*** 1.7*** 1.2** 0.9***

Dimension

Question
D.F. 17 14 14 14

χ2 31.9*** 9.3*** 20.9*** 15.1***

Asker
D.F. 10 13 11 10

χ2 2.3*** 7.3*** 6.6** 3.0

Answer
D.F. 5 6 7 6

χ2 22.1*** 39.7*** 20.8*** 20.3***

Answerer
D.F. 10 8 8 9

χ2 43.6*** 43.6*** 51.5*** 61.6***

The model built on top and bottom 40% of the data.

AUC 0.876 0.872 0.756 0.769
AUC optimism 0.0006 0.0002 0.003 0.001

Overall NL Overall NL Overall NL Overall NL

A Median -
Speed Answer

D.F. 4 3 4 3 4 3 4 3

χ2 22.0*** 16.7*** 30.9*** 20.1*** 38.6*** 22.7*** 48.6*** 34.9***

A Body Length
D.F. 2 1 4 3 4 3 4 3

χ2 5.9*** 0.6*** 38.3*** 0.9*** 7.4*** 0.6 10.4*** 0.3

Q Body Length
D.F. 1

-
2 1 3 2 3 2

χ2 4.6*** 1.6*** 0.2*** 9.2*** 1.1** 7.4*** 0.6**

Mean Tag Speed
D.F. 3 2 3 2 3 2 2 1

χ2 4.7*** 2.2*** 2.1*** 1.8*** 2.9*** 2.4*** 3.0*** 2.3***

Q Title Populari-
ty

D.F. 2 1 1
-

1
-

1
-

χ2 0.9*** 0.1*** 0.2*** 2.6*** 1.0***

Median Speed -
Accepted Answer

D.F. 1
-

3 2 2 1 1
-

χ2 0*
-

1.2*** 1.0*** 2.0*** 1.7*** 0.7**

Dimension

Question
D.F. 17 14 15 14

χ2 29.2*** 7.6*** 21.4*** 14.3***

Asker
D.F. 10 13 11 10

χ2 2.4*** 7.0*** 5.5*** 2.7*

Answer
D.F. 5 6 7 6

χ2 22.7*** 40.8*** 21.0*** 18.7***

Answerer
D.F. 10 8 7 9

χ2 45.5*** 44.3*** 51.9*** 64.1***

8 Related Work

In this section, we discuss related work to our paper. We focus on three closely
related areas: understanding and improving question quality, connecting askers
and answerers, and understanding incentive systems.

8.1 Understanding and Improving Question Quality

A considerable amount of work has been done on understanding and improving
question quality on Q&A websites. Asaduzzaman et al. (2013) performed a
study on the unanswered questions on Stack Overflow and revealed the reasons
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that why some questions did not receive any answer. For example, the question
is too short, not clear, too hard, or not even a question for the Stack Overflow
community. Asaduzzaman et al. (2013) also proposed a set of metrics that are
related to the question and asker dimension to determine the time remained for
an unanswered question to be answered. Rahman and Roy (2015) proposed a
prediction model by employing metrics related to user behaviour, topics, and
popularity of a question to determine unresolved questions. Different from
their work, we study the factors that affect the speed of getting an accepted
answer instead of the remained time for a question to be answered. We also
consider more factors and more dimensions, and we focus on studying the
relationship between the answerer community and the needed time to get an
accepted answer.

Ponzanelli et al. (2014c) performed an empirical study on the correlation
between a set of proposed factors and the quality of a question on Stack Over-
flow. The authors also built a classification model to identify high-quality and
low-quality questions when the questions are created. Based on the same fac-
tors, the authors also proposed an approach to detect low-quality questions
on Stack Overflow (Ponzanelli et al., 2014a). Table 9 compares the most im-
portant question-related and asker-related factors between ours and that of
Ponzanelli et al. In terms of question-related factors, the factors that are re-
lated to the length of questions are both important to the quality and the speed
of getting an accepted answer for a question. Code snippets are important to
the quality of a question, while they are not that important to the speed of get-
ting an accepted answer. Regarding the asker-related factors, factors that are
related to answers that an asker got previously are important to both quality
and speed, which may indicate that the presentation quality of a question is
important (e.g., some askers tend to ask clear or simpler questions). Based on
the comparison, we observe that some factors are shared between the quality
and speed of getting an accepted answer, which implies that the quality of a
question is associated with the speed of getting an accepted answer.

Yao et al. (2013) found that the quality of an answer is highly correlated
with that of its question. They proposed a family of algorithms to identify
the quality of questions and answers based on this finding. Anderson et al.
(2012) investigated the dynamics of the community activity (e.g., answering
and voting) over time and determined whether a question and its answers
would continue to draw attention in the future, as well as whether a question
has been sufficiently answered. Adamic et al. (2008) found that users who
focus on narrow and specific topics are more likely to receive high-quality
answers in Yahoo! Answers. They proposed an approach to determine the
best answer by leveraging the user interests and answer characteristics. Yang
et al. (2011) applied classification models (i.e., Naive Bayes, C4.5, AdaBoost,
SVM) to determine whether a question on Yahoo! Answers will be answered.

Different from the above-mentioned studies, we focus on investigating the
relationship between various factors (i.e., question factors, asker factors, an-
swer factors, and answerer factors) and the speed of getting an accepted answer
for a question. Our observations provide insights to Q&A website designers on
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Table 9: Comparison of the most important factors between the speed of get-
ting an accepted answer and the quality of a question.

Factor Our study Ponzanelli et al. (2014c)
Question-related
factors

1) answering speed for ques-
tions that belong to differen-
t tags (i.e., Mean Tag Speed);
2) body length (i.e., Q Body -
Length)

1) factors about body length
(i.e., word count and sentence
count); 2) code ratio

Asker-related
factors

1) number of previous answers
(i.e., Total Answers); 2) speed
of getting accepted answers in
the past (i.e., Speed Accepted -
Answer)

1) number of down votes; 2)
whether previous questions re-
ceived an accepted answer

how to improve user experience by shortening the waiting time for a developer
to receive an accepted answer.

8.2 Connecting Askers and Answerers

A number of studies focus on user behavior and the content of discussions.
Treude et al. (2011) studied how programmers ask and answer questions on S-
tack Overflow. Wang et al. (2013) investigated how developers help each other,
and what are the most popular topics that are discussed on Stack Overflow.
The most related work is from Squire (2015). She performed an empirical
study to investigate whether the user support of projects should be moved
to Stack Overflow from mailing lists and forums. She found that moving to
Stack Overflow could speed up the answering of questions and improve the
user participation. However, she did not study which factors are related to
the speed of answering of questions. San Pedro and Karatzoglou (2014) p-
resented a supervised Bayesian approach, named RankSLDA, to recommend
questions for experts. Ponzanelli et al. (2014b) proposed an approach to rec-
ommend the related discussion on Stack Overflow based on the context in
an integrated development environment (IDE). To help find the right answer-
er for a question, Wang et al. (2014) proposed an approach that combines
a Bayesian inference model and a frequentist inference model for tag (i.e.,
topic) recommendation on three Stack Exchange websites. Xia et al. (2013)
proposed an approach called TagCombine to recommend tags for a question.
Linares-Vásquez et al. (2014) investigated how developers react to Android
API modification on Stack Overflow and they find that the change-proneness
of Android API impacts the volume of the discussions among the developers
in the Stack Overflow community.

Our paper is different from the above-mentioned studies, which mostly fo-
cus on finding the right answerer for a question. Our paper focuses on studying
the relationship between the studied of factors and the time to get an accepted
answer. We also analyze the answerer community and provide our suggestions
to Q&A website designers.
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8.3 Understanding Incentive Systems

A number of studies focus on studying the incentive system of Q&A website.
Anderson et al. (2013) studied how user behavior is steered by rewards that
people get when participating on Stack Overflow. They found that a badge
can increase the overall level of user participation on the site and the extent of
steering depends on how close the user is to the badge boundary. Cavusoglu
et al. (2015) also performed an empirical study on the incentive system on
Stack Overflow and provided evidence to confirm the value of the incentive
system to simulate voluntary participation. Vasilescu et al. (2014) performed
an empirical study to compare the user behavior in mailing lists and Stack
Overflow. They found that the participants on Stack Overflow provide faster
answers than on mailing lists because of the incentive system (i.e., reputation
score system). Antin and Churchill (2011) analyzed the badge in social me-
dia from a psychological perspective and present five functions: goal setting,
instruction, reputation, status/affirmation, and group identification.

Our paper is different from above-mentioned studies, which mostly focus
on understanding the incentive system. Our study focuses on investigating the
weakness of the incentive system and on providing suggestions to improve it.

9 Conclusion

Developers nowadays rely heavily on technical Q&A websites for solving prob-
lems that they face on a daily basis. Hence, any delay in getting an answer
may delay the development cycle and reduce user experience when asking
questions on such Q&A websites. In this paper, we study the factors that may
affect the needed time for a question to get an accepted answer and provide
suggestions to improve the incentive system of Q&A websites. We consider
46 factors along four dimensions (answerer, question, asker, and answer) that
are potentially correlated to the needed time to get an accepted answer. We
analyze four most popular technical Stack Exchange Q&A websites, including
Stack Overflow, Mathematics, Super User, and Ask Ubuntu. We find that: 1)
after controlling for other factors, the answerer of a question has the strongest
relationship with the needed time to receive an accepted answer; 2) 61.3%–
86.9% of the questions that are answered by non-frequent answerers are slow-
answered questions. Such slow-answered questions are usually more complex
(in terms of the size of the question) than fast-answered questions but are
as important as fast-answered questions. Such slow-answered questions may
have remained unanswered if they were not answered by the non-frequent an-
swerers; 3) the current incentive system does not recognize the non-frequent
answerers who often answer questions which frequent answerers fail to answer;
4) the current incentive system motivate frequent answerers well, but frequent
answerers tend to answer easy (in terms of size) questions. Our findings sug-
gest that the Q&A website designers should improve their incentive system
to motivate non-frequent answerers to be more active on answering questions
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and to answer questions fast, in order to shorten the waiting time to receive
an answer. The Q&A website designers should also improve the question an-
swering incentive system to factor in the value and difficulty of answering the
questions (e.g., providing additional rewards to harder questions or questions
that remain unanswered for long time).

Future studies should validate our findings through user surveys among
answerers. For example, whether answerers are motivated by the current in-
centive system on Stack Exchange, and which factors cause delayed answers.
Future studies should also perform user surveys to understand the acceptable
waiting time for getting an accepted answer. As noted by Zhou and Mockus
(2011), developers’ participation in a project is correlated with social factors
(e.g., communication network). Future studies should also study how social
factors could potentially encourage such non-frequent answerers to become
more active.
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Appendix A Model Building and Analysis Process

In this appendix, we present the detail of our model building process. 
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Fig. 12: An overview of our model construction and analysis approaches.

Figure 12 shows an overview of our model building process. We use the R
package rms17 as the implementation of our logistic regression model. Below,
we describe the detailed steps of our model building process.

1. Label Assignment. Since we use a classification model to understand
the impact of the studied factors on the speed. We first need to select the
questions that are used to build the model and assign the label (i.e., fast-
answered question or slow-answered question) to these questions.

As the results shown in Section 5, more than half of the questions were
answered within one hour. Thus, the needed time to answer a question is very
close (i.e., within minutes) for most questions. Such skewness in the data will
have a negative impact on the resulting model (i.e., increase bias).

Figure 13 presents the percentage of the questions that are received in
the time window that are around the median cut-off point (i.e., median of
TimeToGetAcceptedAnswer). We see that the number of questions that is
around the median cut-off point is notably large. For example, 10.8% (6,027)
of the questions receive an accepted answer within a time window of 5 minutes
less or larger than the median value of TimeToGetAcceptedAnswer on Stack
Overflow. If we loosen the time window to 20 minutes, 53.4% (29,834) of the
questions receive an accepted answer in 20 minutes less or larger than the
median value of TimeToGetAcceptedAnswer. In other word, more than half of
the questions on Stack Overflow land on the boundary, which probably could
result in having a large amount of noise in our built model.

To reduce such noise, we sort the questions based on their needed time to
get an accepted answer, and then label the top 20% of questions as the fast-

17 https://cran.r-project.org/web/packages/rms/index.html
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Table 10: The comparison of mean values of TimeToGetAcceptedAnswer be-
tween fast-answered and slow-answered questions.

Website Fast-answered questions (hours) Slow-answered questions (hours)
Stack Overflow 0.06 245.5
Mathematics 0.09 320.6
Ask Ubuntu 0.1 687.9
Super User 0.08 623.8
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Fig. 13: The percentage of questions that received answers within time window
of median(TimeToGetAcceptedAnswer) ± x minutes.

answered questions and bottom 20% of questions as the slow-answered ques-
tion. This approach intuitively fits with goals of our study (studying the speed
of answering where a few minutes difference should not be used to distinguish
between a fast-answered question and a slow-answered question). The mean
values of TimeToGetAcceptedAnswer of two groups are shown in Table 10.
We could observe that the fast-answered questions were answered within 0.1
hours on average, while slow-answered questions needed at least 10 days to be
answered.

2. Normality Adjustment. When building a logistic regression model, the
model prefers the explanatory variables to be normally distributed in order to
produce a more stable and robust model (Freedman, 2005). In our case, most
of the studied factors are skewed. All studied factors are considered as highly
skewed (i.e., the skewness is larger than 1) (Bulmer, 1979) except for Tag Lev-
el Difference, Tag Number, Q Title Popularity, Mean Down Votes, Median -
Down Votes, and Sum Down Votes. Therefore, we apply a logarithm transfor-
mation [ln(x+ 1)] to all the studied factors to reduce skewness.

3. Correlation & Redundancy Analysis. We remove correlated and redun-
dant factors using the following steps: i) removing factors with zero variance;
ii) removing highly correlated factors; iii) and removing redundant factors.
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We first remove factors with zero variance, since these factors do not have
any contribution to the model. For example, the variance of Median Down -
Votes of Super User is 0, which indicates the value of Median Down Votes of
the studied Super User data (top 20% and bottom 20%) is unique (i.e., 0 in
this case).

Highly correlated factors can cause multicollinearity problems in our mod-
el. Thus, we perform a correlation analysis to remove highly correlated fac-
tors using a variable clustering analysis technique by following prior stud-
ies (Thongtanunam et al., 2016; McIntosh et al., 2016). We construct a hier-
archical overview of the correlation among the factors and select one factor
from each cluster of highly-correlated variables, i.e., |ρ| > 0.7 (Thongtanunam
et al., 2016). After this step, there remains 28, 28, 26, and 27 factors in the
Stack Overflow, Mathematics, Ask Ubuntu, and Super User data, respectively
(see the remained factors at Table 4).

Correlation analysis reduces multicollinearity among the factors, but it may
not detect all of the redundant factors (i.e., factors that do not have a unique
signal relative to the other factors). We remove redundant factors by using the
redun function in the R package rms18 with the default R2 threshold of 0.9.
However, no factors were removed in this step. The final factors are presented
in Table 4.

4. Non-linear Term Allocation. When building a logistic regression model,
some factors potentially share non-linear relationships with the response vari-
able. However, logistic regression models are mainly used for modeling linear
relationships. Thus, we use restricted cubic splines (Harrell, 2006) to add the
non-linear terms of factors into the model by following prior studies (Thong-
tanunam et al., 2016; McIntosh et al., 2016). We measure the non-linear re-
lationship by calculating the Spearman multiple ρ2 between the dependent
variable y and linear and quadratic forms of each factor(xi, x

2
i ). A large ρ2

indicates that there is a high chance for a non-linear relationship between a
factor and the response variable, which indicates that the factor should be
assigned a larger degree of freedom. By observing the rough clustering of the
factors according to their ρ2, we cluster the factors into four groups according
to the Spearman multiple ρ2 values across the four websites (see Figure 14).
We give factors in the first, second, and third groups five, four, and three
degrees, respectively.

5. Logistic Regression Model Building. Finally, after selecting the factors
and specifying the non-linear terms of the factors, we build our regression
models using the preprocessed data. When building the model, we consider
text-related question factors, asker factors, answer factors as control variables
by including it in the model; an approach that is commonly used in regression
models (Miller and Han, 2001; Bird et al., 2011; Chen et al., 2012). We use
the function lrm in the R package rms as the implementation of logistic
regression model and use the rcs function in rms as the implementation of
restricted cubic splines.

18 https://cran.r-project.org/web/packages/rms/index.html
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Fig. 14: Dotplot of the Spearman multiple ρ2 of each factor in the four studied
websites. The larger the ρ2 value, the more likely the factor has a non-linear
relationship with the response variable. The first, second, and third groups
of factors (categorized by the ρ2 value) are highlighted with red circle, green
triangle, and blue plus, respectively.

6. Model assessment. We use AUC and bootstrapping to assess the ex-
planatory power of the logistic regression model (i.e., ability of the model to
capture the relationship between the explanatory variables and the response
variable). AUC is the area under the Receiver Operating Characteristic (ROC)
curve (Han, 2005). The area under ROC curve is often used as a measure of
the quality of classification models. A random classifier has an AUC of 0.5,
while the AUC for a perfect classifier is equal to 1. In practice, most of the
regression models have an AUC between 0.5 and 1.

Since AUC can be an overestimation (i.e., higher than it actually is) if the
model is overfitted to the data, we further evaluate the stability of our model.
Similar to prior work (McIntosh et al., 2016; Thongtanunam et al., 2016),
we reduce such overestimation by using a bootstrap-derived approach (Efron,
1986). The steps of the bootstrap-derived approach are listed below:

1. From the original dataset with n records (i.e., 55,853, 70,336, 7,134, and
10,776 for Stack Overflow, Mathematics, Ask Ubuntu, and Super User,
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respectively), select a bootstrap sample, i.e., a random sample of n records
with replacement.

2. In the bootstrap sample, we build a model using the same allocation of
knots as was used in the original dataset.

3. Apply the model that is built using the bootstrap sample on the boot-
strapped and the original datasets. We calculate the AUC for each model.

4. The optimism is the difference in the AUC of the bootstrap sample and the
original sample. Note that optimism is not an absolute value. A positive
sign indicates that AUC of the original sample is larger than that of the
bootstrap sample; a negative sign indicates that AUC of the bootstrap
sample is larger than that of the original sample.

The above process is repeated 1,000 times and the average (mean) optimism
is calculated. Small optimism values indicate that the model does not suffer
from overfitting.

7. Explanatory Variables Analysis. After our model assessment step, if the
AUC value is high and the optimism value is low (i.e., our model can explain
the TimeToGetAcceptedAnswer well with low bias), we can then use the model
to study the impact of each factor on the TimeToGetAcceptedAnswer. We
measure the impact of each factor on the TimeToGetAcceptedAnswer using
the Wald χ2 test (Chambers, 1991). The Wald χ2 test is commonly used in
biostatistic (Harrell, 2006) and software engineering (McIntosh et al., 2016;
Thongtanunam et al., 2016) research to understand the impact of factors in a
model.
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