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Total number of active users 3,831,147
Total number of questions 15,711,957
Total number of answers 24,492,236
Mean reputation of active users 111
Mean number of badges earned by active users 22
Mean year when users joined the site 2015

Table 1: General statistics of users’ activities in our dataset.

also improve the functioning of the site itself [23]. The reputation
points of users on Stack Over�ow along with community activity
dynamics are good predictors of the long-term value of questions
and answers [2]. But, what attributes these virtual rewards can
signal about users themselves is not yet well understood.
Research Questions. In this paper, we focus on �nding impor-
tant markers of user attributes since they are known to relate to
dynamics of identity, crowdlearning, social bene�ts and societal
acceptance [5, 36]. Speci�cally, we ask:
RQ1: According to Stack Over�ow users, what social qualities (if
any) do reputation scores and badges intend to signal?
RQ2: To what extent do these game elements actually signal or
indicate the qualities that users expect them to?
The paper most closely related to ours is that of Trockman, et al
[35]. They analyze various categories of badges such as Quality
Assurance, Dependency Management, etc., in the npm ecosystem
on Github as signals of repository properties such as dependency
freshness, test suite quality and popularity. Some of these signals
are subjective. Also, maintainers of the repositories can choose
which badges they wish to display and which they do not. We con-
sider Stack Over�ow with a completely di�erent and more complex
system of reputation points and badges that it awards to users and
is based on objective, pre-de�ned metrics [3].
We summarize our contributions below.
– We conduct a survey of Stack Over�ow users and draw prelimi-

nary insights about how they view reputation points and badges
as indicators of various social qualities.

– We perform empirical investigations on a large dataset of 3,831,147
users and the complete time-stamped history of their actions on
Stack Over�ow spanning a decade.

– Employing nonlinear regression models, we �nd that the pres-
ence of certain non-trivial badges correlates with higher popular-
ity and impact. We also provide evidence that badges add more
explanatory power compared to reputation scores.

– Statistical analyses of user activity show distinct di�erences in
patterns of engagement between popular and impactful users.

Through these �ndings, we shed new light onto the role of virtual
rewards in studying user qualities on crowdlearning platforms.

2 THEORETICAL FRAMEWORK
The widespread adoption of game elements on Stack Over�ow
invites a deeper examination of their e�ects on its users. Reputation
scores are received for taking various positive actions whereas
badges are awarded for “being especially helpful”. We argue that
given the variety of actions rewarded through reputation scores
and badges, they are important signals of underlying qualities of
users. We thus investigate their value from a signaling perspective.

Adverse Selection. Users on Stack Over�ow possess di�erent
levels of information about various topics as well as other users on
the platform. Users have a better understanding of their own exper-
tise and limitations. They thus choose to participate selectively in
order to maximize their bene�ts. Users however, tend to be uncer-
tain about the preferences of heterogeneous audiences in terms of
how they will respond to their actions. At the same time, the audi-
ence’s qualitative assessment of users’ abilities is based on limited
information. Such a state where neither party has complete knowl-
edge about the other is called information asymmetry [32]. This
causes adverse selection, i.e. bias towards only particular kinds of
actions [30]. For instance, most individuals prefer high returns and
so they di�erentially choose low-hanging fruits, and broadly useful
actions, while a few others may prefer more niche and challenging
questions. As a result, participation is severely a�ected.
Digital Signaling. Signaling is a well-studied and popular solu-
tion to the problem of adverse selection [20, 32]. Signals are images,
symbols and signs that allow users to communicate information
and meaning with appropriate context. Signals that are costly to
generate for the signaler and cognitively easy to process for the
observer tend to be very reliable [11]. The design of sets of such
assessment signals can speci�cally combat the ine�ciencies arising
due to information asymmetry [15]. The audience on Stack Over-
�ow upvotes or downvotes posts to indicate that they approve or
disapprove of them. This is a basic signal that is cheap to produce.
Conversely, reputation scores and badges can help highlight deep
technical qualities of a user since they require signi�cant e�ort to
achieve. This allows the user to potentially make better decisions in
the future and the audience to gain more knowledge about him/her.
Gami�cation. Gami�cation is the use of game design elements
in non-game contexts [14]. Badges on Stack Over�ow are automat-
ically earned by users based on their performance, unlike Github,
where they are voluntarily displayed [7]. A single badge can holis-
tically combine multiple qualitative actions whereas reputation
points can be earned for every positive unit of action. This involves
users in a social environment thereby motivating increased partici-
pation. In this paper, we consider game elements such as reputation
scores and badges to be digital signals and investigate whether they
are indicative of the performance and qualities of users.

3 DATA DESCRIPTION
Our experiments are conducted on a publicly available dataset
containing all individual time-stamped actions of Stack Over�ow
users from the site’s inception on July 31, 2008 to June 5, 2018 [33].
Table 1 describes a summary of the general statistics of our data.
Reputation. Reputation1 scores are o�cially considered a “rough
measurement of how much the community trusts you”. Reputation
is earned (or lost) when a user’s question or answer is upvoted
(or downvoted), when an answer is marked accepted by the user
who originally asked the question, when bounties are received (or
spent), or when suggested edits are accepted.
Badges. Badges are awarded in addition to reputation scores
when the corresponding pre-de�ned set of actions and/or reactions
are performed. They can be classi�ed in two primary ways.
1https://stackover�ow.com/help/whats-reputation

Features Control
Model

Reputation
Model

Badges
Model

Age on the site 0.319 0.225 0.191
Number of questions 0.055 0.074 0.008
Number of answers 0.250 0.047 0.075
Number of upvotes 0.122 0.123 0.021
Number of downvotes 0.115 0.092 0.048
Reputation score 0.313
Nice Answer Badges 0.062
Populist Badges 0.052
Enlightened Badges 0.029
Necromancer Badges 0.039
Good Answer Badges 0.031

R2 = 0.911 R2 = 0.939 R2 = 0.957
(a) Regression models for predicting Popularity of users.

Features Control
Model

Reputation
Model

Badges
Model

Age on the site 0.321 0.225 0.065
Number of questions 0.129 0.129 0.015
Number of answers 0.250 0.094 0.119
Number of upvotes 0.085 0.067 0.013
Number of downvotes 0.033 0.049 0.006
Reputation score 0.394
Great Answer Badges 0.069
Revival Badges 0.055
Enlightened Badges 0.071
Necromancer Badges 0.188
Good Answer Badges 0.043

R2 = 0.685 R2 = 0.767 R2 = 0.858
(b) Regression models for predicting Impact of users.

Table 2: Summary of importances of the exogenous variables for the Control, Reputation and Badges models. Table 2a and
Table 2b show the results for predicting the popularity and impact of users, respectively. In each case, we present scores of the
�ve most important badges. The importance values are relative to other exogenous variables within the speci�c model only.

one additional feature per badge, i.e. number of each such badges
earned by the user (for all 91 badges on the site). We conduct an
ablation study to compare their performances.
Model Fitting. We propose a Gradient Tree Boosting Regression
model5 to analyze the �t of the endogenous variable (popularity or
impact score) from the exogenous variables (feature sets). We set
the maximum tree depth as 3, learning rate as 0.1 and the number
of boosted trees to �t as 100. We divide the data into training and
testing sets and average the results over 50 runs of the experiment.
We validate the model using the R2 metric. Since it denotes how
well the model �ts the data points, higher values are better.
We also compute the relative importance scores of the features in
each model. This score estimates the improvement in the squared
error risk due to each feature compared to that for a constant �t
[18]. Speci�cally, it is the average total decrease in impurity of a
node across all trees in the ensemble. Decrease in impurity is the
number of times a feature is used to split a node divided by the
number of samples that it splits. It thus indicates how useful the
feature was in the construction of the boosted decision tree model.

5.1 Signals of Popularity
Results. Table 2a presents the relative feature importances for
�tting popularity scores within CM, RM and BM. For brevity, we
report only the top �ve badges ordered according to their impor-
tance scores. BM explains 95.7% of the variance, while RM and CM
explain 93.9% and 91.1% of the variance respectively.
Analysis. We observe RM provides more explanatory power com-
pared to CM with a small, but signi�cant increase in R2 scores. This
improvement in the model �t is due to the reputation points feature
which also has the highest importance score. This indicates that it
is a good predictor of popularity. That is, users with high reputation
points tend to attract other users to their pro�le pages.
5The code is available on Github at this url.

Notably, BM outperforms with RM and CM in terms of goodness-of-
�t. This happens because badges aggregate various sets of actions
thereby providing more information than just the reputation score.
For instance, themost important badge feature is the number of Nice
Answer badges. This badge is earned every time a user provides an
answer that receives a score of 10 or more. More generally, we �nd
that the �ve most important badges are all Answer Badges.

5.2 Signals of Impact
Results. Table 2b similarly presents the performances of the three
models in �tting impact scores. CM, RM and BM models achieve
R2 scores of 68.5%, 76.7% and 85.8% respectively. Here too, we �nd
that BM signi�cantly outperforms the other two models.
Analysis. Once again, we �nd that reputation points are good
predictors of impact. Yet, BM improves upon RM and CM because
badges capture a more nuanced summary of the user’s contribution.
Reputation points increase not only due to upvotes on posts, but also
on performing other actions such as useful edits, winning bounties,
etc. This combines all positive actions into a single score thereby
diluting it’s e�ect. Contrasted with BM, consider the number of
Necromancer badges earned by the user. A Necromancer6 badge is
awarded on posting an answer to a question at least 60 days after
it has been asked and which receives a score of 5 or more. Two
answers with the same score, but one written on the same day (say)
and another written 60 days after the question was posted represent
di�erent value to the community. This is captured by the badge and
not the reputation score. It is interesting to note, that once again
each of the 5 most important badges are Answer badges.

As we can see in Table 2b, the importance score of the best feature
is almost twice that of the next best feature in RM and BM both.
But these two models exhibit largely di�erent performance charac-
teristics. Due to the smaller number of features, RM is extremely
6https://stackover�ow.com/help/badges/17/necromancer
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Figure 3: Relationship of LPLI, HPLI, LPHI and HPHI users to badges earned. Figures 3a and 3b study the presence of good
quality question and answer badges among the di�erent groups. Figures 3c, 3d and 3e depict the fraction of users in di�erent
communities that have earned multiple Necromancer, Populist and Enlightened badges.

low impact (HPLI), (c) low popularity, high impact (LPHI), (d) low
popularity, low impact (LPLI). This segmentation is represented by
the horizontal and vertical black lines in Figure 2. HPHI have mean
popularity and impacts scores of 13,134 and 11,972,950 respectively,
whereas LPLI have mean scores of 23 and 35,081 respectively. This
shows the vast gulf between the two groups.

Figures 3a and 3b show the fraction of users belonging to each of the
four categories HPHI, HPLI, LPHI and LPLI that have the particular
badge. Interestingly, more LPHI, HPLI and HPHI users have badges
for well-received answers (such as Nice Answer Badge) than they do
for well-received questions (such as Nice Question Badge). Figures
3c, 3d and 3e display the distribution of the number of Necromancer,
Populist and Enlightened badges earned by the four groups of users
respectively. Consider the case of the Enlightened badge. We see
that nearly 60% of LPHI users have zero Enlightened badgeswhereas
only about 20% of HPLI users do not have that badge. We argue
that there must be meaningful explanations that can be learned by
comparing between these two groups.

Feature HPLI LPHI t-statistic Sig

Questions 54.65 42.02 -6.23 ***
Answers 452.63 137.89 -39.97 ***
Question Scores 233.15 286.61 4.38 **
Answer Scores 1190.07 679.83 -24.09 ***
Reputation 16304.64 8672.31 -30.20 ***
Necromancer Badges 2.47 6.32 29.6 ***
Populist Badges 0.174 0.218 4.041 **
Great Answer Badges 0.682 0.887 7.84 ***

Table 3: Di�erentiating between HPLI and LPHI users. ** =
p < 0.01, *** = p < 0.001 represents statistical signi�cance of
Welch’s t-statistic after Bonferroni correction ( p/14 ).

We therefore examine HPLI and LPHI users and expect there to be
di�erences in the way they contribute as well as reception to their
contributions. UsingWelch’s t-test, we study the di�erences present
between these two groups and present the features with the most
signi�cant di�erences between them in Table 3. We �nd that the

number of questions and answers posted are signi�cantly higher
among HPLI, re�ecting that they are more active. Conversely, the
number of Necromancer, Populist and Great Answer Badges are
higher for LPHI users. These badges appear to be signals that are
costly to earn but not easily observable. Site design dictates that
upvotes on answers return double the reputation points compared
to upvotes on questions. Our �ndings show that LPHI users have a
proportionally higher number of question and answer posts/scores.
This implies that answers drive popularity, but it is questions that
o�er more in�uence. Further, some users link their SO accounts
with other platforms such as LinkedIn, Github, etc. that may explain
why they may be better known [1]. This is another potential source
of divergence between high popularity and high impact.

7 CONCLUSION
The diverse range of actions and users, and massive quantity of
content on Stack Over�ow obfuscates the quality of information
and e�ciency of deliverables. It increases the transaction costs of
participation. Game elements such as badges and reputation scores
aim to provide incentives to balance these costs. But the design of
these incentive structures has led to problems of adverse selection.
In this paper, we present evidence that some of these game elements
also act as reliable digital signals of social qualities such as popu-
larity and impact. Our experiments reveal that certain non-trivial
answer badges, high reputation scores and age of the user on the
site indicate signi�cant correlations. We also �nd di�erentiating
characteristics that distinguish communities of popular and impact-
ful users. We believe these insights o�er guidance on combating
ine�ciencies arising out of bias towards speci�c actions. Our re-
sults encourage further exploration of the role of game elements as
symbols of social status in socio-technical systems.
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Adverse Selection.
What is adverse selection? 
• Users may not always know how audiences will react 

to their posts or actions. 
• Audiences may not always know about users’ abilities. 
• Due to information asymmetry, users tend to have a 

bias towards specific kinds of actions.  
• In particular, actions (e.g. low-hanging fruit) that help 

them to stand out in a large crowd.

Signals that are costly to generate for the signaller and 
cognitively easy to process for the observer tend to be 
reliable solutions to the problem of adverse selection.

On Stack Overflow (SO), Reputation Points 
and Badges are important digital signals.

Dataset Description.

In addition to reputation points, badges are awarded to 
users based on objective, pre-defined metrics.

• 91 different badges 
available on SO.  
  

• Multiple badges of 
each type may be 
earned by a user.

Insights from a user survey reveal that, in general, some 
users find reputation points to be better indicators of 
popularity and impact compared to badges.

Characterizing the Effects of Signals.

Popularity Score = Number of distinct 
views on a user’s profile page.

Impact Score = Number of distinct 
views on a user’s questions and ‘useful’ 
answers (cf. Meta Stack Exchange).

Positive correlation with Popularity and Impact Scores.

Badges are better indicators than Reputation Points.

Users with Answer Badges tend to be more popular and impactful.

Popular and Impactful Users.

(A) Users with high reputation tend to 
attract others to their profile pages.  
 
(B) Reputation points and number of 
badges add significant explanatory 
power compared to control features.

(A) Combining all positive actions into a 
single reputation score dilutes it’s effect.  
 
(B) Badges capture a more nuanced 
summary of a user’s contributions. 

Early adopters of SO enjoy a strong standing in the community.

Segmenting users into four groups 
based on their social standing:  
 
LPLI - Low Popularity Low Impact  
LPHI - Low Popularity High Impact  
HPLI - High Popularity Low Impact 
HPHI - High Popularity High Impact

The presence of costly to earn 
and hard to observe signals 
qualitatively and quantitatively 
differentiate highly impactful 
users from highly popular users. 

Conclusion: Our results offer insights on combating inefficiencies arising due 
to adverse selection and encourage further exploration of the role of game 
elements as symbols of social status on online platforms.

Answers drive popularity, but questions offer more influence.

LPLI, LPHI, HPLI, and HPHI users can be identified by the presence of 
badges indicating well-received posts with long-term value, such as Good 
Question, Good Answer, Necromancer, Populist and Enlightened.


