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Abstract—Microblogging services are growing rapidly in the
recent years. Twitter, one of the most popular microblogging
sites, has gained more than 500 millions users. Thousands of
developers are also using Twitter to communicate with one
another and microblog about software-related topics such as
programming languages, code libraries, etc. Understanding the
behaviors of software microbloggers is one of the needed first
steps toward building automated tools to encourage software
microblogging activities and harness software microblogging to
improve various software engineering activities. In this paper, we
investigate the behaviors of software microbloggers in terms of
their microblogging frequency, generated contents, and interac-
tions among themselves. Our study is based on a dataset that
contains more than 13 million microblogs generated by more
than 42 thousands software microbloggers.

I. INTRODUCTION

Microblogging is a new way to disseminate information.
Every day millions of microbloggers generate a massive
amount of publicly accessible contents. Twitter, one of the
most popular microblogging sites, has more than 500 million
users. Software developers also use microblogs to share infor-
mation related to software engineering [1], [2]. Understanding
the behaviors of these software microbloggers is an essential
step towards building good tools to support software mi-
crobloggers and harness contents generated by these software
microbloggers for various software engineering activities.

Previously, Bougie et al. and Tian et al. have manually
analyzed several hundreds software-related microblogs and
categorized them into several groups [1], [2]. However, ques-
tions about the behaviors of microbloggers who generate these
software-related microblogs have not been fully addressed.
In this study, we want to complement and extend these past
studies by characterizing software microbloggers in terms of
their microblogging frequency, their generated contents, and
their interactions with one another. We also want to increase
the scale of these past studies by investigating a much higher
number of microbloggers and their microblogs. In this study,
we analyze 42,096 software microbloggers and more than 13
million microblogs.

We investigate the following research questions:

RQ1 How often software microbloggers microblog about
software related contents?

RQ2 What are the properties of the generated software
related contents?

RQ3 How software microbloggers interact with one another?

The main contributions of our work are as follows:

1) We study 42,096 software microbloggers and their
13,779,180 microblogs to characterize their behaviors in

terms of: microblogging frequency, generated contents,
and interactions with one another. This is the largest study
performed so far on software microbloggers.

2) We compare the properties of software-related mi-
croblogs and other microblogs and perform statistical
tests to confirm our findings.

3) We build an interaction network of software microblog-
gers based on their “follow” relationships and study
to which degree these software microbloggers are con-
nected.

The structure of this paper is as follows. In Section II,
we briefly introduce Twitter. In Section III, we describe our
methodology to collect and process microblogs. We answer
the research questions in Section IV. We present related
work in Section V. We conclude and mention future work
in Section VI.

II. BACKGROUND

Twitter is a popular microblogging site with millions of
users all over the world. It provides microblogging service for
users to share and exchange information through short mes-
sages called tweets. Twitter sets a limitation for the maximum
number of characters inside one tweet to be 140.

Figure 1 shows an example of a tweet (i.e., a microblog in
Twitter). The example tweet has a hashtag, a url link, and a
mention. A hashtag starts with a “# ” symbol and it is used to
indicate the topic of a tweet. For instance, the example tweet
is about “Java EE 7”. Due to the 140 character limitation,
microbloggers often include url links to external webpages
in their tweets to supplement the contents of their tweets.
Microbloggers could forward tweets to other microbloggers
using mention, which is in the format of “@username”.

Microbloggers can post tweets to reply to other microblog-
gers tweets, and these replies generally start with “@user-
name”. They can share others’ tweets by retweeting their
tweets. A retweet typically starts with “RT @username”. They
can also “follow” other microbloggers. If a microblogger u
follows another microblogger v, u subscribes to the tweets
generated by v and all v’s tweets would be forwarded to u. In
this case, u is a follower of v, and v is a followee of u.

RT @DanWahlin: Top 10 JavaScript traps for a C# developer ow.ly/
zO9qB #javascript #csharp

Fig. 1: A microblog from Twitter: (a) retweet, (b) URL link, (c)
hashtag

III. RESEARCH METHODOLOGY

We follow a three step approach: first, we get interesting
microbloggers; second, we download their software related
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microblogs; third, we process their microblogs and extract
behavioral features. We describe the details of each step in
the following subsections.

A. Getting Interesting Microbloggers

Our goal is to study the behaviors of software microblog-
gers, which are those generating software related microblogs.
However, since there are millions of microblogs generated
daily, it is impossible for us to collect all the microblogs and
search for the microbloggers who generate software-related
microblogs. Therefore, we start by getting a set of interesting
microbloggers who are more likely to generate software-related
microblogs. Following our previous tool paper [3], we first se-
lect a small set of seed microbloggers who are identified to be
the top 100 software microbloggers1. We then build the set of
interesting microbloggers by taking these seed microbloggers
and adding others who follow or are followed by at least 5 seed
microbloggers. We consider the follow relationships collected
on March 1, 2013 (the start time of our experiment). At the
end of this process, we have 90,883 microbloggers in our set
of interesting microbloggers μBloggers⇑.

B. Downloading and Characterizing Microblogs

In the second step, microblogs generated by people in
μBloggers⇑ are downloaded using the Twitter REST API2.
We registered for a Twitter whitelisted account which allows
us to make up to 20,000 API calls per hour. We downloaded
microblogs generated by each microbloggers in μBloggers⇑
for the period March 1 to May 31, 2013. Next, we categorize
whether a microblog is software related or not. To do so, in this
preliminary study, we use the following heuristics. In our tool
paper [3], we collected 100 software-related words and phrases
from related Wikipedia pages and StackOverflow.com’s tags.
These words and phrases include JavaScript, C#, etc. and cover
three kinds of concepts: 1) Programming Languages, 2) Frame-
works, Libraries, and Systems, and 3) Programming Concepts
and Methodologies. We use these 100 words and phrases to
judge whether a microblog is software-related or not: if a
microblog contains at least one of these words or phrases then
we deem it as software-related, otherwise, we deem it as not
software-related. We perform this heuristics to automate and
scale our software-related microblog identification process to
large amount of data.

Next, we reduce the set μBloggers⇑ to only include those
who generate at least one software-related microblog. We
refer to the resultant set of people as software microbloggers
denoted as μBloggersSE . For each software microblogger, we
download their microblogs and the follow relationships among
themselves. We summarize some basic statistics of our dataset
in Table I.

C. Extracting Behavioral Features

In this step, we extract multiple behavioral features for each
person in μBloggersSE by processing their microblogs and
their follow relationships. These features are divided into 3
groups to answer the research questions raised in Section I.

1http://www.noop.nl/2009/02/twitter-top-100-for-software-
developers.html

2https://dev.twitter.com/docs/api

TABLE I: Dataset description.

Collection Date March 1 to May 31, 2013
# Software Microbloggers 42,096
# Microblogs 13,779,180
# Software-related Microblogs 520,469
# Follow Links 341,043

For RQ1, we calculate two features related to the frequency
or the number of times these software microbloggers generate
software-related microblogs. For each software microblogger
we compute: 1. average number of software-related microblogs
generated per month, 2. proportion of his/her microblogs that
are software-related. These features give insights about the
absolute and relative frequency of software microblogging
activities among software microbloggers, respectively.

For RQ2, we calculate some statistics from the contents that
are generated by software microbloggers. For each software
microblogger, by analyzing the software related microblogs
he/she generates, we compute: 1. average length of the mi-
croblogs (in words), 2. average number of URLs per mi-
croblog, 3. average number of mentions per microblog, 4.
average number of hastags per microblog, 5. proportion of
retweets, and 6. proportion of replies. We also compute the
above statistics for other general microblogs that a software
microblogger generates.

For RQ3, we extract several social features to characterize
the interactions among software microbloggers. We first con-
struct a directed graph based on the follow relationships among
software microbloggers. Each node in the graph corresponds
to a software microblogger and each directed edge stands for a
follow link between two software microbloggers. For instance,
an edge from node u to node v means software microblogger
u follows v. Given this interaction network, we compute:

1) The average degree. The degree of a node u in the
network is the number of edges that start from u or
end at u.

2) The reciprocity rate. An edge from u to v is deemed
reciprocal if there is an edge from v to u. The
reciprocity rate is the proportion of edges that are
reciprocal.

3) The clustering coefficient. The local clustering for a
node u measures how close its neighbors are to being
a clique [4]. The clustering coefficient for a network
is the average value of local clustering coefficients of
all nodes in the network.

IV. RESULT ANALYSIS

A. RQ1: Microblogging Frequency

To address this research question, we investigate the num-
ber of software-related microblogs generated by software mi-
crobloggers and the proportion of their microblogs that are
software-related. To do this, for each software microblogger
in our dataset, we extract two frequency-related features pre-
sented in Section III.

Table II shows the number of software microbloggers that
generate a particular number of software-related microblogs
per month (from March-May 2013). Among the 42,096 soft-
ware microbloggers that we analyze for 3 months, we find
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that 36,245 (86.1%), 5,478 (13.0%), 305 (0.7%), and 68
(0.2%) of them on average produce 1, >1-10, >10-100, and
>100 software-related microblogs per month, respectively.
Thus, the majority of software microbloggers rarely generate
software-related microblogs. Still, more than 5,000 of them
produce on average one software-related microblog every 3-
15 days. Also, 305 microbloggers on average produce at least
one microblog every 3 days. Interestingly, 68 microbloggers
produce more than 3 software-related microblogs daily. Many
of the microblogs generated by these 68 microbloggers contain
software-related news.

TABLE II: Microblogging frequency: average number of software-
related microblogs per month.

Avg. # Software-Related Microblogs Per Month # Software Microbloggers
1 36,245

>1-10 5,478
>10-100 305
>100 68

Table III shows the number of software microbloggers
where a particular proportion of their microblogs are software
related. Among the 42,096 software microbloggers, we find
that for 4,221 (10.0%), 27,809 (66.1%), 9,526 (22.6%), and
540 (1.3%) of them, 1%, >1-10%, >10-50%, and >50% of
their microblogs are software related, respectively. For the
majority of software microbloggers, only a small proportion
of their microblogs (10%) are software related. Still, for more
than 9,000 software microbloggers, a good proportion (>10-
50%) of their microblogs are software related. Furthermore,
540 software microbloggers generate more software-related
microblogs than other microblogs.

TABLE III: Microblogging frequency: proportion of software-related
microblogs.

Proportion of Software-Related Microblogs # Software Microbloggers
1% 4,221

>1%-10% 27,809
>10%-50% 9,526

>50% 540

Although most of the software microbloggers are not very
active in generating software related contents, still, there
are 305 and 68 software microbloggers that on average
generate >10-100 and >100 software-related microblogs
per month, respectively. For more than 9,000 software
microbloggers, >10-50% of their microblogs are software-
related. Interestingly, 540 software microbloggers generate
more software-related microblogs than other microblogs.

B. RQ2: Generated Contents

In the second research question, we investigate properties
of software-related contents in microblogs that are generated
by the 42,096 software microbloggers. We also compare and
contrast the software-related and other microblogs that are
generated by these 42,096 microbloggers. We consider the six
features described in Section III. These content-related features
capture various properties of the generated microblogs.

Table IV shows the statistics of all six content-related
properties. In this table, we compare the statistics of software-

related microblogs with those of their other microblogs. For
each microblogger, we compute the averages of the statistics
of their software-related microblogs and those of other mi-
croblogs. We then report the means of the averages across the
microbloggers. We highlight the higher mean for each property.
We find that on average software-related microblogs are 16.3%
longer (in terms of number of words), contain 13.0% more
URL links, and have 46.7% more hashtags. Also, a larger
percentage of software-related microblogs are retweets (7%
difference). However, on average, software-related microblogs
contain 10.7% less mention. Also, a smaller percentage of
software- related microblogs are replies (12% difference).

TABLE IV: Properties of generated microblogs. “Std.Dev” is short
for Standard Deviation. Column “Sig?” indicates for each property
whether there is a statistically significant difference between the mean
of software-related and that of other microblogs.

Software-related Others
Properties Mean Std.Dev Mean Std.Dev Sig?
Length 18.25 5.00 15.70 3.45 Yes
# URL 0.52 0.41 0.46 0.30 Yes
# Mention 0.75 0.57 0.84 0.40 Yes
# Hashtag 0.44 0.76 0.30 0.39 Yes
% Reply Tweets 16% 0.26 28% 0.23 Yes
% Retweet Tweets 31% 0.34 24% 0.22 Yes

To further test whether the differences in means are sta-
tistically significant, we perform the Wilcoxon signed-rank
test [5]. We apply the Wilcoxon signed-rank test because our
data is paired: for each microblogger, we have the averages
of properties for his/her software-related tweets and those of
his/her other tweets. The p-values returned by the Wilcoxon
signed-rank test for all six features are less than 0.05, which
confirms that the software-related microblogs are significantly
different from other microblogs.

Software-related microblogs are statistically significantly
longer, contain significantly more URLs and hashtags; how-
ever, they have significantly less mentions. Software-related
microblogs get retweeted more often but are replied less
often than other microblogs.

C. RQ3: Microblogger Interactions

In the third research question, we investigate interactions
among software microbloggers. We also compare and contrast
software microbloggers and general microbloggers in Twitter.
Following the details described in Section III, we generate
an interaction network where each node in the network is a
software microblogger. Based on this interaction network, we
then compute the 3 features described in Section III. These
interaction-related features capture various properties of the
interactions among software microbloggers.

Table V lists the properties of our software microbloggers
network (SMN ) and properties of a general twitter network
that is reported in a past study [6] (GTN ). We note that the
average degree of nodes in SMN is only 42% of the average
degree of nodes in GTN . This shows that, in general, the
number of “friends” (i.e., people that follow or are followed
by a microblogger) a software microblogger has that are also
software microbloggers, is less than the number of “friends”
a general microblogger has. This is intuitive.
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TABLE V: Properties of interaction networks.

Properties Software Microbloggers General Twitterers
Average Degree 8.10 18.86
Microblogs 13.9% 58%
Clustering Coefficient 0.545 0.106

From the reciprocity rate, we can learn that among software
microbloggers, there are less bidirectional relationships. The
proportion of reciprocal links in SMN is less than a quarter of
that in GTN . Many software microbloggers are interested in
contents generated by another group of microbloggers but not
the other way round. From the clustering coefficients, we learn
that software microbloggers are about 5 times more clustered
than general microbloggers. This indicates that the community
of software microbloggers is more dense and tightly knitted
than that of general microbloggers.

The number of software microblogger “friends” that a soft-
ware microblogger has is less than the number of “friends”
that a general microblogger has. The flow of informa-
tion among software microbloggers is more unidirectional
as compared to the flow of information among general
microbloggers. Software microbloggers are more tightly
knitted than general microbloggers.

D. Threats to Validity

Threats to internal validity relate to experimental bias. In
this preliminary work, we identify software-related microblogs
by using 100 software-related keywords identified in [3]. There
might be software-related microblogs that are not identified
since they do not contain these 100 software-related keywords.
In the future, we plan to reduce this threat by using more
software-related keywords. In addressing RQ3, we use statis-
tics of a network of 87,897 microbloggers sampled from a
Twitter network by Java et al. [6]. We and Java et al. use
different sampling strategies and this might introduce bias. In
the future, we plan to collect our own network of general
microbloggers using a similar sampling strategy (as the one
used in this paper) to reduce the possibility of potential bias.

Threats to external validity refer to the generalizability of
our findings. We have analyzed 42,096 software microbloggers
and more than 13 million microblogs. Still there are many
more microbloggers and microblogs that we do not analyze.
In the future, we plan to increase the number of software
microbloggers and analyze more software-related microblogs.

V. RELATED WORK

A number of studies have proposed tools to better harness
social media. Guzzi et al. and Begel et al. propose methods
to integrate social media into the software development pro-
cess [7], [8]. Achananuparp et al. [3] build a visualization
tool to help software developers understand trends in software
development. Prasetyo et al. propose a technique that can
categorize a microblog as relevant or irrelevant to engineering
software systems [9]. Other works perform exploratory studies
on how social media is currently used by software developers.
Tian et al. categorize 300 software-related microblogs into ten
groups including: news, commercials, tools & code, Q & A,

etc. [2]. Bougie et al. analyze 11,679 tweets that are made
by 68 software microbloggers and analyze the topics of the
microblogs (i.e., software engineering related, gadgets, current
events, daily chatter) and the proportion of tweets that contain
mentions, URLs, hashtags, and are retweets [1]. Singer et al.
survey around 300 GitHub developers and find that they often
use Twitter to keep up with new techniques and new changes
in the industry [10].

Our work is closest to the work by Tian at al. [2], Bougie et
al. [1], and Singer et al. [10]. Different from the work by Tian
et al., we study the behavior of software microbloggers not by
categorizing the contents of their microblogs, rather by ana-
lyzing their microblogging frequency, six properties (length,
number of URLs, etc.) of their generated microblogs, and
the interactions among software microbloggers. The work by
Bougie et al. has also studied some properties (i.e., mentions,
URLs, hashtags, retweets) of microblogs that software mi-
crobloggers generate. However, these properties are computed
over all microblogs including those about current events and
daily chatter. They also consider a much smaller set of software
microbloggers (68 versus 42,096). Furthermore they do not
compare and contrast software-related and other microblogs, or
analyze microblogging frequency, or study interactions among
microbloggers. Different from the work of Singer et al., we
learn different aspects of developers’ behaviors by analyzing
their microblogs and interaction network.

There are studies that analyze how developers use other
Web 2.0 sites (aside from microblogging sites) [11], [12]
or propose tools that leverage these sites to help developers
perform their tasks better [13]–[20]. A more complete review
of studies that analyze Web 2.0 resources is available in the
survey by Tian and Lo [21].

VI. CONCLUSION AND FUTURE WORK

In this work, we analyze the behaviors of software mi-
crobloggers in terms of their microblogging frequency, gen-
erated content, and interactions. We analyze a dataset of
42,096 microbloggers and more than 13 million microblogs
collected over a period of 3 months. We find that some soft-
ware microbloggers generate many (>100) software-related
microblogs monthly. Also, for more than 10,000 software
microbloggers, more than 10% of their microblogs are software
related. For 540 of them, a majority of their microblogs are
software related. We also find that software-related microblogs
are significantly longer, contain more URLs and hashtags, and
are retweeted more often than other microblogs. Furthermore,
we find that the community of software microbloggers is more
tightly knitted than that of general microbloggers.

In the future, we plan to expand this preliminary study
by reducing the threats of validity described in Section IV.
We also want to investigate how our results can be leveraged
to create tools that extract and summarize useful information
from software microblogs for developers.
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