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ABSTRACT
Active involvement of new community members is essential
for Q&A platforms such as Stack Overflow, to make the plat-
form efficient and more inclusive. However, more than half
of Stack Overflow users contribute only once and disappear.
This decreases the diversity of viewpoints and experience on
the platform. This paper aims to identify factors that can
discourage users from active participation after their first
or second post. We collected a dataset of the responses to
questions posted by new users (answers, comments, upvotes,
downvotes) and analysed the tone of the feedback and its im-
pact on the users’ ongoing participation. We considered as
new users those who registered to Stack Overflow for the
last two years before the data collection and classified then
into three groups based on the number of their posts (low,
medium and high number of posts) on Stack Overflow. The
differences in the responses between the three user groups
have been validated by performing one-way ANOVA and
Pearson’s chi-square test. Based on these results we trained
a machine learning model using a SVM classifier which pre-
dicts whether a user is likely to post or not with an accuracy
of 88.69 %. Our work contributes to identifying and quanti-
fying the potential underlying factors behind the decline in
participation and dropout of new users on Stack Overflow.
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1. INTRODUCTION
Stack Overflow (SO) is one of the most popular Q & A based
platforms for programmers, having over 50 million monthly
visitors[7], over 16 million questions[19] and 19 million an-

swers[11]. SO has detailed guidelines for posting questions
and some fundamental standards for providing feedback to
the questions. Expert users who have been using Stack
Overflow for a long time are rewarded with badges and repu-
tation [14]. In order to garner a high reputation on the site,
the user must be active on a regular basis on the SO plat-
form and their questions must have many positive responses.
However, novice users may not have the correct vocabulary
or expertise to formulate a technical question. As a result,
they may end up getting negative responses such as “stupid
question” or “This is such common issue, just google”. Such
negative responses to posts may discourage users to limit or
seize their contributions to the platform. This kind of users
make up for almost half the users of the platform [18]. Un-
solved questions in SO have seen an exponential growth over
the years [16] and they continue to be an issue for new users
who seek help. Studies have shown that online trolling and
negative responses worsen over the active time of a user in a
community [8] and 77% of users tend to ask for help on the
SO platform only once [13]. In this paper, we identify and
validate the factors which impact the state of participation
of the new users on Stack Overflow. “New users” are those
who have been registered to SO for less than 2 years until
August 2019 (when the dataset was created). We selected
and analysed five features from the SO post responses to
understand how getting little to no response and negative
responses is related to users posting behaviour. Based on
our findings, we built a machine learning classifier to pre-
dict posting status of users in SO.

2. RELATED WORK
The Stack Overflow or SO platform has turned into a valu-
able resource for both skilled and amateur programmers for
glitches, bug and any code related problems. Managing such
a large user base has been a challenge and an ongoing topic
for investigation and research from different perspectives.
Anderson et al. [3] explores the correlation between user rep-
utation and quality of answers and its impact on the design
of the site. Asaduzzaman et al. [4] mines the unanswered
questions in SO to reveal the underlying factors that lead to
questions remaining unanswered, such as title length, askers’
score, post length etc. Alharthi et al. [2] investigates sev-



eral factors that impact the quality of questions in SO and
predicts the score of the question, which indicates its overall
quality. Similar idea of prediction has been explored in Shao
et al. [17] developed a prediction model which analyses the
latent context of a question and recommends an answer for
the user. Calefato et al. [6] developed a framework based
on successful questions on SO to provide an evidence -based
guideline for programmers to write better questions in SO.
Grant et al. [12] explores the use of badge, to motivate
users. When a question has better wording and quality, it
attracts more users and the user gets upvotes which in turn
helps the score. Adaji et al. [1] investigates specific social
support strategies that influence users to contribute in SO
More recent studies have focused on the behavioural and
personality traits of SO users as well, in order to target
the emotional aspects of the users who ask questions [15,
5]. The novice or infrequent users who just started out face
some level of criticism or neglect by the more experienced
users on SO, a phenomenon related to maintaining commu-
nity boundaries by hazing. Hazing is a psycho-social phe-
nomenon where the newcomers in a tightly knit group face
backlash and elitist attitude (which is sometimes borderline
abusive)[9]. Slag et al. [18] discusses the difficulties encoun-
tered by ”one day flies”, users who post only once in their
profile’s lifetime and do not contribute to the platform after-
wards. Our work further investigates the effect of the factors
identified in [18] by providing statistical and empirical vali-
dation to the hypothesis proposed in [18].

3. RESEARCH QUESTIONS AND DATASET
Since we wanted to compare the responses of the posts, not
the nature of post itself, we eliminated two of Slag et al.
[18] factors: duplicate questions and uncommon tags. In-
stead, to further investigate the features of questions asked
by such inactive users, we added five new factors: the num-
ber of upvotes on a question (Up Votes), the downvotes
(Down Votes), the number of comments on a post (Com-
ment Count), the reputation of users (Reputation), and the
types of comments on a post (Comment Texts). We chose to
add reputation since it affects how a user’s posts is perceived
by other users. We aim to answer two research questions:
“1. Do these factors have any quantifiable relation to the
frequency of posts of users in Stack Overflow?”
“2. Can we predict whether a user will drop out and stop
posting?”.

3.1 Data Collection
We collected data from Stack Exchange Data Explorer 1,
an open source tool to collect publicly available data from
Stack Overflow. We used Stack Exchange Data Explorer to
collect information about users who created their profile on
Stack Overflow in 2017.

For our work, we chose to consider only the questions
posted by users as their contribution. We collected the num-
ber of answers, comments, upvotes, downvotes, view count
given against (received by) each post of a user and the user’s
reputation. We decided to analyze the mean values of these
features for each user so that we can consider all of them in
a normalized form since the distribution of responses is not
equal for all users. In order to determine the overall tone of

1https://data.stackexchange.com/stackoverflow/query/new

Figure 1: Distribution of users population (in thou-
sands) based on the number of posts they made on
Stack Overflow

Table 1: Group based on overall polarity of the com-
ment

Group Description
1 (Highly negative) If -1 <= polarity <-0.5
2 (Moderately negative) If -0.5 <= polarity <0
3 (Neutral) 0
4 (Moderately positive) If 0 <polarity <= 0.5
5 (Highly positive) If 0.5 <polarity <= 1

a comment, we inferred the polarity of the comments from
the text of the comments through sentiment analysis on the
text by using TextBlob on all the comments received by a
user. Polarity generally falls within the range of -1 to 1
where -1 refers to a very negative sentiment, 0 refers to a
neutral sentiment and 1 refers to a very positive sentiment.
We categorized this range into five different groups as shown
in Table 1.

3.2 Target user groups
The users were categorized into the following groups based
on the number of questions they posted from January 2017
to June 2019: group 1 (users who posted a question once),
group 2 (users who have posted from 2 to 5 times), group
3 (users who have posted more than 5 times). The distri-
bution of user population according to the number of posts
they made in their lifetime on SO in out collected data is
depicted in the figure 1. We aim to identify such users by
analyzing their past experiences on SO. In our prediction
model, described in Section 5, for predicting the future be-
havior of a user, group 1 is labelled as the negative class
whereas groups 2 and 3 are combined into a single category
as the positive class. Therefore, the labeled classes consid-
ered for this study are:

1. Negative class: Users who will discontinue making any
contribution to Stack Overflow after their first post.

2. Positive class: Users who will continue contributing to
the platform.

4. DATA ANALYSIS



Figure 2: Distribution of users population (in thou-
sands) based on the number of posts they made on
Stack Overflow

The data analysis of feature selection, validation of metrics
and prediction model is provided below.

4.1 Feature Selection
From the data collected from SO, we performed Pearson
correlation analysis to find out how strongly each feature is
related to another. The results of correlation analysis for the
features are shown in figure 2. Following the Cohen’s classi-
fication system [10], only the largest relationships i.e. where
the correlation coefficient r>0.5, have been considered to be
significantly correlated. From figure 2, it is evident that
the correlation coefficient of comment count, answer count,
downvote, upvote, and polarity are significant i.e. greater
than 0.5. Therefore, for our feature analysis, these five fea-
tures are selected as the final metrics for next stage.

4.2 Feature Distribution in User Groups
To answer the research question: Do these features have
any quantifiable relation to the frequency of posts of users
in Stack Overflow?, we analyzed their statistical differences
among the three user groups. We used a one-way ANOVA
test and Pearson’s chi-square test to establish the statistical
evidence of the differences in terms of the features among
the three user groups.
All of the five features are plotted against the number of
posts from users. And the plotting is done for each of the
three target user groups to observe the difference of plots in
each groups. The sections below provide in-depth descrip-
tion of each of the features on all three user groups.

4.2.1 Number of Answers against Number of Posts
Figure 3 depicts the distribution of average number of an-
swers against the number of posts from each user from the
target group of users on SO. The mean number of answers
among three groups are: 1.10 (group 1), 3.31 (group 2) and
15.70 (group 3), which indicates that users in group 3 receive
significantly more responses to their posts compared to users
in groups 1 and 2. The p-value in one-way ANOVA test indi-
cates significant statistical difference among the three groups
in terms of the mean number of answers they receive against
their posts (F(2,375196) = 678.8, p = .000).

4.2.2 Number of Comments against Number of Posts
The mean number of comments among three groups are:
2.22 (group 1), 6.60 (group 2) and 30.00 (group 3), which

indicates that the mean number of comments significantly
increases with the increasing number of posts in each group.
Moreover, it is also evident from figure 4 that users who
posted less (no more than five times) exhibited a higher
tendency of receiving no comments from other users. The
result of one-way ANOVA test indicates significant statis-
tical difference between the groups than within the groups
in terms of number of comments they receive against their
posts (F(2,375196) = 187.3, p = .000).

4.2.3 Number of Upvotes against Number of Posts
The graphs show the relation between the average number
of upvotes with the number of posts in Figure 5. The mean
upvotes in group 1 and 2 are significantly lower than group
3 (0.696, 1.853 and 8.877 respectively), which indicates that
the posts made by the users of group 3 are more appreciated
and receive higher number of upvotes than the posts made
by the users who are less active. One-way ANOVA result
indicates significant statistical difference among the three
groups in terms of number of upvotes they receive against
their posts (F(2,375196) = 17.15, p = .000)

4.2.4 Number of Downvotes against Number of Posts
From figure 6, it can be observed that the mean number of
downvotes in group 1 and group 2 (0.548 and 1.309 respec-
tively) are lower than that of group 3 (4.17). This means
that the users who are posting more questions are also get-
ting fewer downvotes. This is an important and surprising
observation since a higher number of posts could have also
led to increased number of downvotes, which turns out to
not be the case. One-way ANOVA result indicates signif-
icant statistical difference between the groups than within
the groups in terms of number of comments they receive
against their posts (F(2,375196) = 473.04, p = .000).

4.2.5 Comment Polarity against Number of Posts

Table 2: Percentage of each comment polarity cate-
gory received by the user groups

User Group
Polarity Group 1 2 3

1 (Highly negative) 0.2% 0.1% 0%
2 (Moderately negative) 20.1% 20.7% 13.6%
3 (Neutral) 24.4% 11.7% 1.3%
4 (Moderately positive) 48.4% 67.2% 85.1%
5 (Highly positive) 1.1% 0.3% 0%

The result of cross tabulation in Table 2 revealed that users
from group 3 received zero highly negative comments, and
the least proportion of moderately negative comments. They
also received the highest proportion of moderately positive
comments (85.1%). On the other hand, the users of group
1 received the lowest amount of moderately positive com-
ments(49.5%) among the user groups. It can be concluded
from Table 2 that with the increase in the number of posts
made by the users, there is an increase in the positive com-
ments and decline in the negative remarks received by the
post owners. Lastly, the result of Pearson’s chi-square test
establishes the statistically significant relationship between
the polarity of comments and the user groups (χ2(8, 297447) =
20310.29, p = 0.000).



Figure 3: Distribution of average number of answers against number of posts among three user groups

Figure 4: Distribution of average number of comments against number of posts among three user groups

Name Measure

Features

Mean answer Scale
Mean comment Scale
Mean upvote Scale

Mean downvote Scale
Mean polarity Scale

Target User Class Nominal

Table 3: Attributes of the dataset employed in the
SVM classifier

Classifier Accuracy Precision Recall
SVM 0.8869 0.9875 0.7635

Table 4: Prediction model performance per evalua-
tion metric

5. PREDICTING USER PARTICIPATION
Based on the findings from correlation analysis and statis-
tical testing of factors influencing users post frequency, we
developed an actual prediction model to answer the second
research question. In order to develop and train our model,
we took advantage of a popular supervised machine learn-
ing algorithm called support vector machines (SVM). Table
3 describes the features and target groups employed in our
model. We divided the original data set into training set rep-
resenting 80% of the data and testing set representing the
remaining data. By using the five features, we divide our
users into two classes: likely to post and not likely to post.
The performance of our prediction model i.e. how well it
predicts the user class is evaluated using the metrics: accu-
racy, precision and recall. Our model performs significantly
well and yields a high score in terms of all three metrics as
illustrated by Table 4.

6. IMPLICATIONS AND FUTURE WORK
From our data analysis, we observed that a low number of
answers and comments, a high number of downvotes and
negative comments, and a low number of upvotes are more

prevalent in the posts of users who have posted fewer times
compared to the users who have higher number of posts.
Since these users are receiving negative remarks and down-
votes even with fewer posts, this may play a role in discour-
aging them from seeking help again from SO. In the light of
this discovery, we trained a SVM classifier model with the
five special features and divided the users into two classes:
users who will post in the future and users who will not.
The model has shown good performance with high accuracy
and effectiveness.
Previous works which mostly focused on how users can ask
better questions or build a better profile to attract more
answers to their questions. The novelty of our study is to
identify infrequent users and find a possible factor underly-
ing their withdrawal, so that the community owner/ moder-
ator can make the platform more welcoming and less hostile
for them. Our study has some limitations as well. We could
not consider the number of deleted questions of a user as one
of the factors that could contribute to users’ decline in posts
since Stack Exchange Data Explorer does not provide that
data. The research also lacks a qualitative analysis from
feedback of infrequent or absent users. Therefore, as part
of our our future plan, we will attempt to explore the user
modelling of infrequent posting through a targeted qualita-
tive user study of SO users.

7. CONCLUSIONS
More than half of the users in Stack Overflow tend to ask for
help on the platform only once and never post again. In this
paper, we identified five main features / metrics which we
hypothesized to be related to the inactive status of users.
We collected the responses to posts in SO for users who
have their SO profiles for 2 years (2017 to 2019) and se-
lected five factors with strong correlation. Ours statistical
analysis supports our hypotheses and validates the effect of
these factors having a significant correspondence to users’
posting frequency. Using these factors as selected features,
we trained a machine learning model that predicts whether
or not a user will post in the Stack Overflow platform, based



Figure 5: Distribution of average number of upvotes against number of posts among three user groups

Figure 6: Distribution of average number of downvotes against number of posts among three user groups

on the responses their posts received till now. This predic-
tion can identify users who have reduced their posting in SO
and face lack of encouragement and thus can benefit from a
positive nudge, help or mentorship. The significance of the
contribution of our analysis and prediction model is that it
can help to provide more equitable treatment of newcomers,
and thus increase the diversity of the SO community.
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