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Abstract

We analyze the Stack Overflow userbase, defining what it means to be a super-user, and how they are set apart from a
regular user. Succinctly, super-users are a very small subset of users that are important to the survival of an online social
network (OSN) due to the large amount of content they produce, and how they become core users to a platform, both of
which drive activity. Logistic regression and XGBoost classifier models were created to predict whether or not someone will
become a super-user at certain intervals since their account creation. Findings show that it is possible to predict whether or
not someone will become a super-user, something that increases with more user history. Accuracy rates start at 62.5% seven
days after registration, and increase to 85% two years out using easily attainable data. Additionally, we look at the rate at
which super-users churn, or depart from an OSN. With the inclusion of more data and development of more complex models,
this level of accuracy can be increased, opening a new path for online social network to grow their dedicated userbase.

1 Introduction

Stack Overflow is a widely used resource for many
[1]. From beginner programmers asking questions
to advanced users delving into the minutiae of
their fields, Stack Overflow hosts a wide variety of
programming-related content. It is most often seen
by developers when looking up a question due to the
nature of the website; a user will ask a question, and
others will pose responses to it, with each response
being voted on by the community and one eventually
being selected by the original poster as the one that
has solved their problem.

Often, when looking at answers to a question, it will
be by a user that has accumulated a high reputation
(the amount of points gained by other users voting on
their responses) as well as many badges, which tend
to indicate outstanding posts or comments. These
users are individuals who spend an outsized amount
of time on Stack Overflow when compared with the
average user, as the typical visitor to the website
likely doesn’t even have an account, as all Q&As are
available for free. Those who post frequently, and are
consistently active in an online space are known as
super-users.

Super-users are noted to be active minorities [2], and
crucial actors, opinion leaders, or active users [3].
Given the wide variety of online social networks
(OSN), including their number of active users, con-
tent reach, and user participation style, what defines
a super-user tends to be unique to a given OSN. That
being said, super-users can most generally be defined
as those who regularly participate in an OSN, and to
a higher degree than the median user, whether it be
making posts, writing comments, or even moderating

groups or forums.

In Stack Overflow, a super-user can be defined as
someone with a high in-degree, a high reputation,
and the acquisition of rare badges [4]. For our anal-
ysis, we will focus on users in the top percentiles
of these metrics. These super-users are often seen
as critical, whether it be to them being well-known
across a community, someone who drives traffic to
the OSN, or are helpful and answer many questions
[5], such as our case with Stack Overflow.

We intend to define the concept of a super-user
within the Stack Overflow community, identify key
behavioral trends that distinguish super-users from
regular users, and develop predictive models that
can accurately guess whether or not a given user will
become—or is already—a super-user.

1.1 Purpose

Super-users are users who contribute disproportion-
ately to the site despite being a small minority. How-
ever, the number of questions answered by super-
users has been declining over the years, shown in
Figure 1. This research aims to investigate the trajec-
tory and behaviors of users that lead them to become
Stack Overflow super-users and their implications for
user retention across all social computing networks.
Understanding what causes people to become at-
tached to a community and website such as Stack
Overflow could be a valuable resource in understand-
ing user retention, and the factors contributing to
participation across all social networks.
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Figure 1: The proportion of questions answered by super-users
on Stack Overflow has been declining over the years.

2 Previous Works

Understanding how users interact in OSNs has been
a key point of research, specifically targeting active
users, often called super-users. Below, we review
relevant literature in this subject, and shed light on

what has been done previously and how our work
builds off of it.

We first start by defining super-user. By noting previ-
ous works, super users are typically semantically de-
scribed as "leaders", "figureheads", or "mentors" [2, 3].
They are generally very active, and have some vested
interest in a community, whether it be through inter-
est as a hobby, or through professional engagement.
These individuals often take on significant roles in
these communities, such as moderator or admin roles,
and disproportionally contribute to content and dis-
cussion on these sites, something commonly noted
as the Pareto principle [6].

Other works have looked at the concept of churn, or
the process of users ceasing their participation on
an OSN. This issue is extremely pertinent for these
OSNs as part of their usefulness relies on others
participating and user-genearated content. Wilson et
al. [7] looked at the interactions that users may have
across online social networks, showing that there are
certain patterns that are correlated with churn.

One potential reason for super-user churn is that the
areas in which they have expertise in may no longer
be popular on websites. Barua et al. [8] analyzed
topic trends, showing swings of popularity in sub-
jects, which could lead to decreased activity in cer-
tain topics. With less attention to a topic, super-users
might churn as they may feel like their expertise is

either not needed, or as positively welcomed. Akin
to that, Fu et al. [9] found that users who focus on
specific areas or concentrations tend to have higher
reputations, suggesting that these individual super-
users are densely connected around a limited set of
topics. Over time, if fewer questions appear in an
area that a super-user frequents, they might spend
less time on the platform, which would follow with
our reasoning.

The falloff of interaction with websites due to this
was also seen by Asaduzzaman et al. [10]. The au-
thors explored the increasing amount of unanswered
questions (something we have also historically noted
when using Stack Overflow). Their findings line up
with a previous analysis of our data, which showed
that many super-users no longer tend to answer new
questions on the site but answer old questions in-
stead. We hypothesize that these users are just updat-
ing obsolete responses to old questions and are only
interested in answering questions from their domain
of expertise, which we suspect is no longer popular
on the site.

Kabir et al. [11] examine the impact of ChatGPT on
Stack Overflow, finding that responses from ChatGPT
are preferred, even if they include misinformation,
as the well-done presentation of the information by
ChatGPT gets the users to overlook these mistakes.
This could be one of the many contributing factors
to super-user churn in the platform since they could
feel like the effort they put into more accurate posts
could go underappreciated.

Lastly on churn, we see Adaji and Vassileva [4], who
developed models to predict the churn of these ex-
perts or super-users, found that they were able to
accurately predict churn based off of the current ac-
tivity a user had compared to previous points in their
history. By noting various attributes such as time be-
tween posts, reputation scores for recent answers,
and the number of badges received, high levels of
predictive accuracy were achieved.

Zhang et al. [12] looked at obsolete answers, or in
other words, answers that have been provided such a
long time ago that they are no longer helpful, either
due to software updates or obsolete technology. This
can be remedied, though, as users can edit previous
answers by others to keep them up to date. This is
useful for very often-frequented posts, such as those
that may appear within some of the first results on a
search engine. This also brings us back to our initial
hypothesis that states super-users, over time, tend
to answer fewer new questions and just update old
answers to old questions due to a variety of reasons,
which we wish to explore in our paper.
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Bachschi et al. [13] hit on one of the critical points
of our project, noting when users stop asking ques-
tions, and start answering them instead. This is a key
insight needed for our analysis of user evolution, es-
pecially novice users, who we wish to understand the
progression of to super-users. Their findings show
a detailed breakdown of users and what causes or
prevents them from answering questions or making
posts. There is also the potential to expand upon
some of the limitations they stated, such as taking
into account the effect of having a highly up-voted
post on future postings.

3 Threats to Validity

There are a few threats to validity that are impor-
tant to note. First is that our models, we include
columns denoting the presence of optionally filled
profile fields, which are presented in the form of a
boolean. It is important to note that these values are
determined as of the export of this dataset, and do
not have a history associated with them, meaning
we have to assume their presence or absence across
the entire dataset based on the date the data was
exported by Stack Exchange.

Another is the issue of class imbalance. When talking
about super-users, or any extremely small minority
group, there is the issue of class imbalance. Due to
how we later define super-users, they are necessarily
an extremely small part of the entire userbase. This
is can be an issue for model accuracy reporting, and
because of so, we utilize balanced accuracy, which
is the average accuracy across all groups, equaliz-
ing that factor. As for other data, such as posts or
comments, since super-users are partially defined
as those who are extremely active, and well-known
in the community, their posts and comments far ex-
ceed normal users, meaning that there is less of an
imbalance to see there.

Finally, for the super-user vs. regular user prediction
portion of this project, it assumes that each record
of the activities later described are of equal value.
For example, it does not differentiate between a well-
written out post that has taken a lot of effort and a
post that was accidentally sent and contains a single
letter. This level of effort that users can put into activ-
ities can be used as another, likely highly predictive
measurement, but is something we do not take into
account for the sake of this project.
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4 Ethics

The Stack Overflow data dump is released publicly
[14], and accounts do not have the possibility to be
privated. Therefore, while IDs can be used to track
back to a given user, they will be anonymized for any
reporting in this paper or subsequent work. Due to
this, and the fact that the data is released by Stack
Overflow itself through its CC BY-SA 4.0 license, it is
safe to say that this work falls within ethical guide-
lines. This is especially so since we work with the
data as aggregates, not singling out individual users,
increasing their anonymity.

Since users are anonymized, and worked as aggre-
gates, this project should have no adverse effects on
the users. Additionally, later mentioned sampling
techniques are used to avoid bias throughout this
project.

This work is intended to analyze and seek insights
from user behaviors and patterns while using Stack
Overflow. Actions can be taken given the results we
have found, but it still is imperative that they are not
taken and used maliciously, or to target a group of
users in a harmful way.

5 Methodology

This section outlines the way in which we acquired
the data for this project, including any preprocessing
needed to use it within our analysis.

5.1 Data Collection

The data we utilized is the Stack Exchange Data
Dump [14]. This data, hosted publicly under Stack
Exchange’s CC BY-SA 4.0 license, is a trove of infor-
mation relating to all Stack Exchange boards. For the
purpose of this project, we look solely at the data
pertaining to Stack Overflow.

The data is divided into several large XML files
such as Badges.xml, Comments.xml, Posts.xml, and
Users.xml. Due to the large size of the data (certain
files were larger than 100 GB) we took steps to cre-
ate a preprocessing pipeline to convert it to a more
usable format for this project.

5.2 Data Preprocessing

The original data, being in an XML format was not
ideal for our process of analysis. XML, being a for-
mat where an arbitrary number of key value pairs
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can placed into any entry, could not be easily con-
verted to a tabular format, especially due to the fact
that we did not have access to machines that could fit
all of the data into memory. Each file had a first pass
where all entries were looked over, and all possible
value names were recorded. These value names then
consisted of the columns in a CSV that we then con-
verted the XML to, in batches. The CSV file format
was chosen due to its uncompressed nature since
we had to continuously append to it due to memory
constraints.

It is important to note that due to the abundance
of written and formatting text within various posts
and comments throughout our data, we wanted to
ensure that the value that separated our data was
never accidentally escaped. This lead us to choose the
ASCII character 23 (End of transmission block), a non-
printing and legacy character as our separator. This
distinguishes our "CSV" files from typically comma
separated files. This character did not show up once
in our data, giving us confidence it would work as a
separating character.

After converting the original XML files to CSVs, some
of the data was transferred to BigQuery using a Rust
tool called dbcrossbar [15] for faster processing and
quick analysis via a SQL interface.

5.3 Sampling Techniques

Samples for initially analysis were done via purely
random sampling. When moving onto the creation
of models and detecting super-users as seen in Sec-
tion 6.2, since the data is large, we employed certain
sampling techniques to reduce bias throughout the
model creation. Specifically, what we used was strati-
fied sampling done where users were grouped into
bins based on their creation year and month (e.g. all
accounts created in January 2010 were in one bin).

The sampling technique was chosen to ensure that we
get a properly unbiased set of new users. This is due
to the fact that, for example, many accounts were
registered during the initial COVID-19 shutdown.
Taking a normal random sample would favorably
take users from that part of the userbase. By either
setting a percentage or a max value to be taken from
each of these bins, we can ensure a more generalized
group of accounts.

Additionally, since the User IDs are public, and can
be traced back to Stack Overflow, any IDs reported
in this project will be anonymized.
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Figure 2: Average reputation per day for each user with an
account age older than 30 days.

6 Analysis

6.1 What is a Stack Overflow Super-User?

The discussion of super-users presumes a category
of non-super-users though, which then defining the
separation between the two become a problem. At
what point does someone "become" a super-user?

As seen in Figure 2 we can see an extremely strong,
heavy right-tailed skew for reputation per day per
user. To belong in the top 0.1% of users, one must
have, on average, a gain of 3 reputation per day.
One person upvoting either a question, post, or an-
swer gives a user +10 reputation, meaning that these
top users receive at least one upvote every ~3.3
days. This metric gives us 22,076 super-users, and
22,053,173 non-super-users across all of our Stack
Overflow data.

Since Stack Exchange doesn’t publish active user
counts frequently, by taking advantage of their Data
Explorer, we can view roughly how many active reg-
istered users there are on Stack Overflow [16]. Pre-
2023, values of registered users that made at least
one per month were above 100,000 and reached up
to 180,000. Post-2023, we see a dramatic decrease in
users that have made posts, falling to values around
70,000, and as low as 45,000. This decreased traffic
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Figure 3: The average amount of optional fields filled (About,
Location, Website) for each user group by their account creation
date.

has been noted to be due to two primary reasons,
LLM chatbots, and a modification to how Stack Over-
flow monitors their usage. While LLMs seem to have
a large correlation to this decrease in usage [17], Stack
Exchange asserts that this issue is not that damaging,
and believe it is inaccurate [18]. This information is
important to note as the following calculations are
based on rough estimates and should not be consid-
ered precise but rather a general representation of
the underlying trends.

With the above information, assuming an average of
100,000 unique registered users per month [16] and
a monthly visitor count of 200 million [19], we can
assume that on average 0.05% (100k/200 million =
0.0005) of people who view a post has the ability
to upvote or downvote it. One can presume that
roughly for every 1 upvote, there is at least 2,000
(1/0.0005 = 2000) others who have viewed it. This
calculation is likely a slight underestimate too, con-
sidering that not every registered Stack Overflow
user will vote on a post, and they are more likely to
see a post than a non-registered individual.

What this means is that a super-user, as defined by
our logic, will be an account that receives on average
one upvote (or ~10 reputation), and around 2,000
views on their posts every 3 days. These are the
metrics that put a user into the top 0.1% of the Stack
Overflow userbase.

6.2 Super vs. Regular

There are a few distinguishing characteristics be-
tween a typical super-user and regular user. One
key metric to look at are the optional fields on a
user’s profile. Each user is, by choice, able to fill out
3 fields to flesh out their profile: About, Location,
and Website. The About field is a short summary
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where a user typically describes themselves, Location
is another field that allows the user to show where
they are from, and Website is a place to put a URL,
usually to a personal webpage or a LinkedIn account.

Since these fields are initially empty, and left up to
the user to fill in, it can be presumed that a more
dedicated Stack Overflow user (e.g. a super-user)
would have them filled in. This can be seen within
Figure 3 where generally, for accounts created before
2018, super-users tended to have at least two of the
tields filled, where regular users tended to have less
than 0.5 filled on average.

A large spike in optional fields filled can be seen
towards the beginning, likely due to the fact that
Stack Overflow was initially opened up to a smaller
group of people that followed one of the creator’s
blog [20]. These people, being a smaller community
(before Stack Overflow became as big as it has) might
have felt more comfortable sharing this information,
or due to a different registration procedure, they
could’ve been more heavily prompted to give input
on these fields. But seeing this overall discrepancy
towards what could be considered "additional op-
tional effort" shows that those who participate more
on Stack Overflow generally like to keep a more com-
plete profile.

The downward trend for super-users as of the past
few years (see Figure 1) is likely due to the fact that
the accounts are younger. The optional fields are not
static upon account creation, and as someone uses
the site more, there will be more chances for them to
fill in the information.

As accounts mature, we see a roughly similar growth
of Answers, Comments, and Questions, as seen in
Figure 4. This would follow given as each are similar
in nature—a text post made by the user. While they
vary in counts, their pattern of increase over time can
be seen sharply rising during the first few weeks, and
then slowing to a sublinear rate. This is anecdotally
due to users who create accounts to have one specific
issue or question solved, which then afterwards they
promptly stop interacting with the website.

The mean and standard deviation for the Comment
count is the highest compared to all other activities.
This is likely due to the fact that Comments tend
to be shorter, and require less decorum and effort
to post, as they tend to be follow ups to specific
Question or Answer posts. A clearer look at the large
discrepancy of the comment standard deviation can
be seen in Figure 7. Since, a super-user is defined
as someone in the top 0.1% of users, this would put
them at 3.719 standard deviations (SD), meaning the
line would be exaggerated far more. For example, at
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Figure 4: Mean and mean + 1 SD of actions taken by users for
2 years after their registration. Shown with the y-axis log scaled.

the end of year two, one could expect a super-user to
have approximately 530 comments, where a typical
user would have just over 10.

Badges are seen following a different rate when com-
pared with the other activities. This is because users
cannot "directly" receive Badges, but instead have to
qualify for them in certain ways. This could be in
the amount of Answers they have given, having a
post reach over a certain milestone of upvotes, or be-
ing a registered user on Stack Overflow for a certain
amount of time. This last one can be clearly seen if
looking closely at the graph at the one or two year
mark, where the Badge Count line (green) in Figure
4 increases sharply by a small amount.

6.3 Predicting Super-Users

Being able to quick assess whether or not someone
will become a super-user would be a great asset to
have. Comprehending the underlying patterns that
give rise to those who use and contribute to your
platform the most can lead to a mutual benefit. The
platform can notice, and either lend resources, ad-
ditional information, or help to these users, and in
turn, these users can help give back to the platform,
helping it mature and grow. In order to quickly find
these users, we utilize user activity data in order to

predict whether or not someone will become a super
user.

We have two datasets, one that includes all activity
information, which contains the amount of answers,
badges, comments, and questions a given user has
posted since time ¢, where t is the number of days
since their account registration, and a full dataset that
includes that activity, as well as boolean values for
whether or not the 3 optional profile fields (About,
Location, and Website) are filled out. Both datasets
have the full inclusion of super-users, and a stratified
10% sampling of regular users, based on the creation
year and month of their account. This was done in
order to get a more representative sample of users
across the data. This information was gathered for
numerous values of t, ranging from t = 7 to t =
735 at intervals of 7, or one week to just over two
years. Both a logistic regression model and a XGBoost
classifier [21] were created at each value of f for each
dataset and evaluated on whether or not someone
was defined as a super-user. The results of this model
can be seen in Figure 5.

XGBoost performed considerably better than logistic
regression. Being a gradient boosted library often
touted for its flexible and efficient performance on
tabular data, it does at points upwards of 5% better
on the balanced accuracy metric. Balanced accuracy
was chosen due to class imbalance, since super-users,
as previously defined, are only 0.1% of the Stack
Overflow userbase. If normal accuracy was used,
and the models predicted non-super-users each time,
accuracy would be about 99.9%. With accuracies
Starting at around 60% from 7 days since registration,
and reaching up to 85% 2 years in, we can certainly
say there is some predictive power in these collected
variables.

The full models, which included the optional values,
did do quite better than the models that did not have
access to that data increasing accuracies by up to
2.5% for XGBoost and 1.4% for logistic regression
during lower values of ¢ as seen in Figure 8. The
amount of extra information gained from these vari-
ables decreased as t increased, as the activity counts
gave larger insights into the user. This can be seen
by looking at the coefficients in Figure 9. Almost
all coefficients start off as positive. The sole nega-
tive coefficient is for Comments. This can be due
circumstances where an individual makes an account
solely to answer one question, during which, they
post many comments in order to figure out what is
going on. Regardless, each coefficient is positive at
one point, meaning that each contributes towards a
prediction being for a super-user. The values change
drastically towards the first few weeks, which after-
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Figure 5: Logistic and XGBoost model balanced accuracies across values of t for predicting super-users.

wards tend to stabilize.

All 3 of the optional fields sit for most of the graph
as the strongest coefficients, meaning that these val-
ues contribute a large amount to each prediction.
Specifically it is seen that Location is the largest co-
efficient by a factor of 2 (see Figure 9. This could
follow given that it is likely that someone would
only include their location on a Stack Overflow ac-
count (which can be easily kept anonymized) if they
wanted to have some level of professional connection
to it, purposefully "doxxing" themselves (revealing
personal private information online). By associating
a Stack Overflow account with your Location, and
therefore likely your real name, it is conceivable that
an individual would either be more serious about
contributing to Stack Overflow, or keeping good ap-
pearances if others were to stumble onto their ac-
count. This also goes for the About and Website
sections, though, at least for the latter, having a per-
sonal website (whether it is listed or not) is probably
less frequent across all users.

6.4 Analyzing Super-User Churn

Super-users contribute disproportionately to Stack
Overflow. Hence, churn from these users can sig-
nificantly affect the longevity and sustainability of
the site. We investigate the extent to which super-
users are in the process of churning or have already
churned. Churn could be defined in many ways,
such as decline in edits or site visits, but for our
analysis we defined churned as decline in answers
contributed to questions. To be more precise, we
calculated the rolling six-month average of the num-
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ber of answers posted by super-users and saw that
it follows an initial upward trend until it reaches a
peak and then declines over time. We modeled this
post-peak decline in activity using exponential decay

y =q- eikt
where y is the activity levels (rolling six-month av-
erage of number of answers posted) since peak, a is
the peak activity level, k is the decay rate and ¢ is the
time since peak activity level.

We define the decay rate, k, as the rate of churn. We
used the inter-quartile range (where g; denotes quar-
tile k) to categorize super-users into the following
categories based on their churn rates.

’ Churn rate ‘ Churn category
k<0 no churn
0<k<g—15%xIQR | slow churn
g1 —15%xIQR <=k <
45 + 1.5 ¥ IQR fast churn
k>=q3+15*%IQR churned

Based on this definition, we found that around 5% of
super-users have already churned, and around 95%
of them are in the fast churn category. The number
of super-users who have not churned makes up less
than 1% of the total number of super-users. These
findings show that Stack Overflow’s most influen-
tial contributors are at a very high risk of leaving
the site, which can severely affect the longevity and
sustainability of the site. More resources need to be
allocated for outreach programs to target super-users
in the fast churn category.
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Figure 6: Non-churning super-users show very distinct trajec-
tories from churned and churning super-users.

7 Discussion

This analysis shows that it is feasible to distinguish
super-users from regular users on Stack Overflow.
Being able to develop predictive models in forecast-
ing a user’s evolution into a super-user is useful as a
tool that can be used by OSNs in order to drive more
activity and keep users interacting on their site. Our
findings, through high predictive model accuracies,
show that these super-users stand out from regular
uses in notable ways, those that are easy to pick up
in an automated fashion.

The results we have obtained align themselves closely
with previous works that looked that the role of
super-users in OSNs [2, 3]. Specifically, the contri-
bution of activity and having optional profile fields
filled out being predictors of super-users back up
other works that had similar findings [4]. This con-
sistency between works shows that there is indeed
something that correlates super-users to these met-
rics.

Finding that these optional profile fields such as "Lo-
cation” and "About" are strong predictors of super-
user behavior shows that there still are other avenues
to build a stronger community in Stack Overflow.
By using Location, for example, Stack Overflow can
reach out to users for local events that may be hap-
pening, either sponsored, or attended by Stack Over-
flow in some capacity. Since those who include those
fields tend to be super-users, which are more likely to
be an account publically connected to a specific pro-
fessional in the field, this could be a good targeting
technique.

Additionally, when looking at the analysis of super-
user churn, we see several insights into the sustain-

ability of super-users on the platform. The exponen-
tial decay model is used to great extent in discovering
insights related to the super-user churn. Decisions
from Stack Overflow can be made in order to target
users within the "fast churn" category, either reach-
ing out to them, or recognizing and assisting with
common issues.

We can see super-users churning already when we
look at Figure 1, which raises important issues for
the longevity of the platform. With the wide-spread
adoption of LLMs, and other competitive resources,
Stack Overflow might need to change its strategy
as it continues into the near future. Reaching out
to super-users would appear to be a strong choice
to make given the societal want for answers by real
professional humans, not LLMs, something we have
shown Stack Overflow to—though shrinking—have
a large quantity of.

7.1 Future Work

While our predictive models show good results, the
access and time we had for this project limited their
complexity, and therefore the upper limit on how
accurate they could be. With access to more re-
sources and data, Stack Overflow can take similar
steps to build models, and expand upon them, reach-
ing higher prediction rates.

Utilizing real-time, or more fine grain data can help
improve the performance of these models. Addition-
ally, incorporating sentiment analysis on the text of
the posts or comments, noting their relative positiv-
ity, or other factors such as sophistication or length,
could also contribute. Additionally, expending this
project to other forums within the Stack Exchange
ecosystem besides Stack Overflow could prove to
be useful, especially when comparing the forums to
each other.

Our findings also showed that a significant portion
of super-users are at risk of churning in the future.
Doing a deep dive into the possible reasons that
could contribute to super-user churn will be really
helpful in creating outreach programs to incentivize
these users to keep engaging with the site.

8 Conclusion

Overall, this project displays the importance of super-
users within an OSN. Being able to foster a strong
core of users can help drive engagement and traffic
to an OSN. This then feeds back to users as they ad-
ditionally have additional resources they are able to
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take advantage of, which if they are all concentrated
in one location, could drive those other users to par-
ticipate more. By using predictive models to reliably
identify these super-users, OSNs can help support
them, continuing the production of high quality user-
generated content.
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Mean Count

9 Appendix

Mean Count of Actions by Weeks Since Registration
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Figure 7: Mean count plot, without the log y-scale.
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Balanced Accuracy Difference of Models Depending on Days Since Registration

0.025 A — Logistic Regression
— XGBoost

e

o

[

=]
i

0.015 4

0.010 4

Balanced Accuracy Difference

0.005 4

0.000 4

T T T T T T T
0 100 200 300 400 500 600 700
Days Since Registration

Figure 8: The difference between using the full dataset and the activity dataset for each model (positive values mean the full dataset did
better).

Logistic Regression Coefficients Depending on Days Since Registration
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Figure 9: Logistic model coefficients for predicting whether a user will become a super-user or not at different intervals of t.
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Figure 10: Correlation table for all variables in the full dataset.
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