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Abstract—Context. The online technical Q&A site, Stack Overflow has changed the way software developers look for solutions.
As such, content quality in Stack Overflow is paramount. Users
in Stack Overflow can suggest improvement to a post (i.e., answer
or question) by suggesting edits to the post.
Problem. Recent research shows that a large number of
suggested edits in Stack Overflow are being rejected by rollbacks
due to undesired edits or violating edit guidelines. Such a scenario
could hurt the quality of the shared content, frustrate, and
demotivate users.
Objective. This paper aims at improving the Stack Overflow
edit system by automatically identifying the rollback edits with
the potential reasons. This study also plans to introduce an
online tool namely EditEx. EditEx can guide Stack Overflow
users during their editing of a post by highlighting the potential
causes of rollback.
Method. With a view to understanding the rollback edit
reasons, we conducted a case study by manually investigating 777
rollback edits in Stack Overflow. This study produced a catalog
of 19 rollback edit reasons. We then identify a suite of predictor
variables that could be useful to develop a machine learningbased classifier to automatically identify rollback edits. Next,
we plan to investigate rule-based natural language techniques
(e.g., ngrams, POS tagging, dictionary-based, etc.) to determine
the possible rollback reason. We also plan to develop an online
tool namely EditEx that can automatically guide Stack Overflow
users during their editing of a post by highlighting potential
causes of rollback. We offer details of an empirical study to
assess the accuracy of the classifiers and a user study to assess
the effectiveness of the online tool.
Index Terms—Stack Overflow, Rollback edits, Classification
Model, User Study

I. I NTRODUCTION
The adoption, growth, and continued success of an online
question and answering (Q&A) site such as Stack Overflow
depend on two major factors: participation of users and quality
of the shared knowledge [2, 16, 21]. In Stack Overflow, the
edit system is introduced to promote quality by allowing users
to communicate on the quality of the questions and answers
through editing. In particular, collaborative editing helps to
keep questions and answers clear, relevant, and up-to-date.
For example, users edit questions and answers to fix grammar
and spelling mistakes, clarify the meaning, and add related
resources or hyperlinks. Unfortunately, a number of suggested
edits in Stack Overflow get rejected by rollbacks because of
undesired editing (e.g., it does not satisfy the post owner),
or violating edit guidelines [20]. Rollback means reverting a

post (i.e., question or answer) to a previous version in the
edit history [9]. The reverted version then appears as the most
recent item in the edit history.
Manually identification of undesired edits or such edits
that violate editing guidelines of Stack Overflow wastes a
lot of community time and effort. For example, when one
user raised such an issue of classifying undesired edits at
meta.stackexchange, another user responded, “It takes time
to read and parse through those questions when I am trying
to spend my time more efficiently reading through the actual
question and figuring out how to appropriately answer it” [8].
At least 921 users support it by casting upvotes. It indicates
that the identification of undesired edit reasons manually
that could be rejected by rollbacks is killing users’ valuable
time and also irritating them. On the other hand, users who
suggested edits and later get rejected by rollback become
frustrated because many users (especially novices) are not
aware of editing guidelines. Besides, the current editing system
of Stack Overflow does not support users with automatic
suggestions that discourage undesired editing. Therefore, a
study on automatic identification of rollback edit reasons is
warranted to support users of Stack Overflow.
Realizing the need for an automated tool, some users have
started writing personal scripts to identify undesired edits
programmatically. For example, one user wrote a script to
identify and remove greetings (e.g., hello, dear) automatically
while reviewing suggested edits [8]. Such a scenario clearly
shows the demand for a system that identify the potential
undesired edit reasons given the recent focus on the quality of
contents shared in Stack Overflow [32, 30, 13, 24, 1, 19],
the suite of tools and techniques developed to detect and
recommend quality posts [22, 23, 31, 11, 17, 5]. However,
we are not aware of any existing edit assistance system that
automatically identifies rollback edits with reasons to support
the current editing system of Stack Overflow.
The edits in Stack Overflow were subject to a recent study
by Wang et al. [28]. They analyzed 369 rollback edits of
answers and identified 12 reasons (e.g., undesired text formatting, emotional sentence addition/removal). We extended their
study manually analyzing a total of 777 rollback edits (382
questions + 395 answers). We found a total of 19 rollback
edit reasons, seven of which were not reported by Wang et
al. [28]. The newly derived seven reasons for rollback edits
are status update, gratitude add/remove, greetings add/remove,

TABLE I: Rollback edit reasons
Reason
Undesired Text Formatting
Undesired Text Add/Remove
Undesired Text Change
Incorrect Text Change
Undesired Code Formatting
Undesired Code Add/Remove
Undesired Code Change
Incorrect Code Change
Status Update
Emotion Add/Remove
Gratitude Add/Remove
Greetings Add/Remove
Undesired Reference Modification
Signature Add/Remove
Partial Acceptance
Deprecation Note
Duplication Note
Introduce Spam
Other

Description
Changes of the font size, text cases (uppercase/lowercase), emphasizing text making them
bold/italic, adding or removing space/newline, creating bullet/number list, and formatting text term
as code term or vice versa.
Addition of texts that have less or no impact on the quality of questions or answers, or removal
of important texts.
Changes of the sentence structures (e.g., simple, complex), tenses (e.g., present, past), voices (e.g.,
active, passive), rewording, interchanging contractions by root words, acronyms/abbreviations by
elaborations and vice versa.
Rewording with incorrect terms, grammatical and spelling mistakes, incorrect changes in software
versions, or specifications.
Modification of code indentation (e.g., adding or removing spaces and newlines), add/remove line
numbers, splitting/merging code segments, changes in text cases (e.g., “select” to “SELECT” in
a SQL query).
Unwanted code statements are added or important statements are removed.
Refactoring (e.g., variable renaming), changing APIs, and editing comments.
Changes datatype of variables, function return types, function arguments, arithmetic expressions.
Status refers to the personal notes of post owners that are added to clarify confusion, append
important messages that were missed during the submission time of their questions or answers,
and also to acknowledge users’ responses.
Addition/removal of emotional words/sentences/emoticon.
Addition/removal of thanksgiving sentences (e.g., thank you, cheers!).
Addition/removal of greeting/salutations (e.g., hello, hi, dear).
Addition of inactive hyperlinks, inappropriate images, or diagrams with questions or answers. On
the contrary, the removal of essential references or unreasonably modify them.
Addition/removal of user name, ID, links of personal sites.
Revision is rolled back, but part of the changes are still accepted. Then, the accepted changes are
included in later revisions.
Addition/removal of deprecation notes inside the body of an answer.
Addition/removal of duplication notes inside the body of a question.
Deface the question or answer to promote product or service, insert garbage texts.
An asker asked a question inside the answer, add a solution inside the question, interchange the
position of texts.

signature add/remove, deprecation note, duplication note, and
introduce spam. Table I summarizes the rollback edit reasons.
With a view to assisting Stack Overflow users, this paper
aims at investigating the development of tools and techniques
that can automatically offer insights about the 19 rollback edit
reasons in Table I. We report the design of machine learning
models based on textual features to automatically detect rollback edits, and rule-based natural language techniques (e.g.,
ngrams, POS tagging, dictionary-based, etc.) to determine
the possible rollback reason. We introduce the design of
web-based tool that we are currently developing based on
the rule-based rollback reasons classification technique. The
tool is called EditEx, which automatically highlights potential
rollback edit reasons in the suggested edit of user, before he
submits the edit for review. We present the details of a user
study that we aim to conduct for analyzing the effectiveness
of the tool.
II. R ESEARCH Q UESTIONS
This paper aims at assisting users in Stack Overflow by
offering them automated guidance and support during their
editing of post. We formulate two major research questions:

RQ1. To what extent do our classifiers predict the rollback
edits with the potential reasons?
Identification of undesired editing reasons that cause rollbacks
is important to promote quality editing. Such automatic identification could save users time and effort from differentiating
the undesired and accepted edits manually. Specifically, we
attempt to exploit cues in the textual contents of suggested
edits to build a suite of classifiers that can automatically
determine the rollback edits with potential rollback reasons
of the suggested edit.
We define the following null hypothesis:
H1 : The accuracy of our developed classifiers is not better
than a random classifier with 50% accuracy.
RQ2. To what extent can EditEx be helpful to users avoid
rollback in their edits?
The actual impact of our developed classifiers can be assessed,
if the classifiers can automatically guide a user during this
editing process of a Stack Overflow post. Editing is a time
consuming and largely voluntary activity in Stack Overflow.
Therefore, efforts should be made to assist editors with a tool
that can recommend them with fixes to their edits. The focus

of the tool will be to reduce the likelihood of rollback of the
suggested edits. The effectiveness of the tool can be assessed
via the real-world usage of the tool by users in actual Stack
Overflow contents and environment.
We define the following null hypothesis:
H2 : Our EditEx tool is not effective to help users avoid
rollback edits.
III. R EJECTED E DIT P REDICTION M ODEL (RQ1)

•
•
•
•
•

A. Study Materials
We download the September 2019 data dump of Stack
Overflow from the Stack Exchange site [10]. Our data dump
contains a total of 116,473 rollback edits (72,159 questions
+ 44,314 answers) of body. We use a confidence level of
95% with a confidence interval of 5% [3] to calculate the
statistically significant random sample size for rollback edits
of questions and answers. Therefore, we create one sample
for questions and another sample for answers. In particular,
we randomly sampled (1) 382 from 72,159 rejected question
revisions, and (2) 395 from 44,314 rejected answer revisions
for manual analysis. The first two authors used an open
card sorting approach to label the reasons for each of the
777 rollback edits [14]. We manually identify the reasons of
rollback for each edit in the dataset. This process has produced
a list of 19 rollback edit reasons as shown in Table I. We
use this dataset for our evaluation. We share this manually
analyzed dataset in our online appendix1 .

Fig. 1: Classification technique of rollback edits with reasons.
B. Proposed Models
Fig. 1 shows the proposed classification technique. Our
classification pipeline includes three components. The inputs
to the Feature Extractor are the original post and the suggested
edits to it. The output is a list of feature vectors based on the
values of the predictor variables as follows.
•

•

•

Editing Distance. This variable represents the edit distance between two subsequent revisions. We will measure
such distance using Levenshtein distance [29].
Emotion. This variable represents whether editing is due
to add or remove emotion. We will use EmoTxt to find
emotion [4].
Status. This variable represents whether editing adds or
removes personal status. We will use a regular expressionbased or heuristic-based approach to find the value of
this predictor. We plan to encode such a predictor using
three values: 1 for addition, −1 for removal, and 0 for
no existence. A similar approach will be applied to find
the values of the following predictors.

1 https://figshare.com/articles/Dataset/12408782

•

Gratitude. This variable represents whether editing adds
or removes gratitude.
Greetings. This variable represents whether editing adds
or removes greetings.
Reference. This variable represents whether editing modifies references.
Signature. This variable represents whether editing adds
or removes signatures.
Deprecation. This variable represents whether editing
adds or removes deprecation notes.
Duplication. This variable represents whether editing
adds or removes duplication notes.

The Rollback Edit Predictor takes as input the feature
vectors and outputs a dichotomous variable “Rejected”. The
value of “Rejected” Is 1, if the predictor determines that the
suggested edit will most likely be rejected and it is 0 otherwise.
If the value is 1 for the rejected variable, we then take as
input the corresponding feature vector into another classifier
Rollback Reason Classifier, which outputs the likely reasons
for rollback.
For the Feature Extractor, we will apply a suite of existing
techniques or our heuristic-based approaches to generate the
feature vectors. For the Rollback Edit Predictor, we will
investigate both generative and ensemble machine learning
classifiers, such as Random Forest, XGBoost and so on. We
will pick the classifier with the best performance as the
final predictor. We will train and test the performance of the
classifiers on a manually created benchmark dataset. A total of
three human coders will be used to produce the benchmark.
Following standard practices in such a benchmark creation
process [26], the authors will discuss a subset of the sample
and produce labels. This ensures that all authors agree on a
common set of guidelines. The first author will then manually
label a subset of the benchmark. The second/third author will
then manually label the same subset. The labels between the
first author and the other authors will be compared using
Cohen’s kappa (k) metric. If the agreement is not substantial
(k>= 0.61), the first author will revisit the disagreements
and will modify the labels again. The first author then picks
another subset of the benchmark and the authors repeat the
above process. This process is repeated until the agreements
between the authors are at least substantial. At every stage, the
external expert will be consulted to resolve the disagreements.
Once a substantial agreement is reached, the first author then
labels the rest of the benchmark. For the Rollback Reason
Classifier, we will investigate rule-based natural language techniques (e.g., ngrams, POS tagging, dictionary-based, etc.) to
determine the possible rollback reason. We report the accuracy
of the techniques in each component using three standard
information retrieval metrics such as – precision, recall, and
F1-score.
C. Accuracy Analysis
To see whether our model identifies the potential rollback
reasons accurately, we will manually label statistically sig-

nificant edits (rollback + accepted) from testing samples in
a file as follows. Got: the reasons detected by the model.
Expected: the actual reasons based on our manual analysis.
We then create a confusion matrix to analyze the performance
of the proposed model as follows. True Positive (TP). ‘got’
reasons = ‘expected’ reasons, False Positive (FP). ‘got’ reasons 6= ‘expected’ reasons or ‘got’ reasons but ‘expected’ no
reasons, True Negative (TN). ‘got’ no reasons and ‘expected’
no reasons, and False Negative (FN). ‘got’ no reasons but
‘expected’ one or more reasons.
Using the above matrix, we will determine four standard
metrics (Precision P , Recall R, F1-score F , and Accuracy A)
to compute the performance of the proposed model [18].
IV. A R ECOMMENDATION E NGINE TO S UGGEST F IXES TO
S UGGESTED E DITS T O AVOID ROLLBACK (RQ2)
To support the current editing system of Stack Overflow, we
aim to develop a web-based tool that identifies the potential
rollback edit reasons. The tool is called EditEx. We aim to
share EditEx with Stack Oveflow users as a browser plug-in.
Upon installation of the plug-in in a user browser, the tool
recommends potential fixes to the edits suggested by the user
in Stack Overflow. Based on what users are editing, the system
will automatically extract the edit reasons. EditEx consults
our developed Rollback Reason Classifier that identifies the
potential reasons if the edit is classified as rollback edit (Fig.
1). It will get the potential reasons from that classifier. Then, it
will mine some patterns using regular expressions to detect the
sentences/keywords and then highlights the potential contents
in the suggested edit that could induce a rollback of the edit.
For example, if the potential reason of rollback is gratitude
add/remove, EditEx will look for several keywords related to
gratitude such as welcome, thanks, sorry, appreciated, thank, ty
(i.e., thank you), thx, regards, and tia (ı.e., thanks in advance)
using regular expressions. It will highlight the sentence accordingly. Figure 2 shows a partial view of the proposed web-based
system. The first block in 2 (left most) shows the contents of a
post that a user would like to edit. The middle block shows the
suggested edits to the post in green. The ‘Suggest Me’ button
will be shown to the user, whenever he starts to edit the post.
Upon click, the ‘Suggest Me’ button will analyze the suggested
edits and match those with potential rollback edit reasons. The
reasons will be detected based on the classifiers we developed.
The tool then highlights the potentially susceptible textual
contents that could lead a rollback of the suggested edit. The
tool also suggests the potential fixes of the highlight (see the
right most block in Fig. 2).
We aim to investigate the effectiveness of EditEx by determining how the tool can help a Stack Overflow user during
his editing of Stack Overflow posts. We do this by studying
actual Stack Overflow users in real-world editing tasks. We
discuss the design of the study below.
A. Participants
We will adopt a snowball approach to recruit our study participants. First, we will recruit a list of participants who have

a sufficient amount of editing experience in Stack Overflow.
This list of users will be collected based on personal contacts.
We will then ask the participants to recommend other users
with similar editing experience. Each participant should have
completed at least 100 edits prior to our recruitment. This is
to ensure that the participant has sufficient experience with the
Stack Overflow edit system. Each participant will be trained
using a coding guide to learn about our developed tool. Each
participant will be properly informed of the editing tasks.
B. Execution Plan
We divide the participants into two groups:
• Treatment. Each participant in this group will be assisted
in their editing of Stack Overflow posts by our developed
EditEx tool. The participant will also have access to the
standard Stack Overflow edit system.
• Control. Each participant in this group will edit a Stack
Overflow post by using the standard Stack Overflow edit
system only.
Each participant (control and treatment) will be given links to
the official Stack Overflow editing guidelines. All the editing
tasks will follow the editing guidelines. We plan to recruit
at least 30 participants (15 for the treatment group and 15
for the control group) for our study. Each participant will be
asked to edit ten posts. So, each group (treatment/control)
will edit at least 150 posts. A post can be an answer or
a question. We will ask the participants to edit posts based
on the identified reasons that cause rollbacks. For example,
both the treatment and control groups will be asked to add a
simple ‘thank you’ note to the suggested edit. In this case of
the treatment group, the EditEx tool will warn them against
adding such gratitudinal notes, which the control group will
not be getting such guidance. To also mitigate individual
bias, both control and treatment groups will make a particular
type of suggestions (e.g., gratitudinal) to the same user. This
means that we will pick two questions/answers to a given
user. We will give one to the control group and another to
the treatment group. Both groups will decide on whether to
add gratitudinal-type suggestions into the edits. We will also
ask the participants to edit posts arbitrarily that may cover
the false positives. That is, participants will edit posts that are
not related to any particular rollback edit reasons to limit the
bias of this study. We will monitor the status of the suggested
edit for 15 days after the suggestion is submitted by our study
participant. This threshold of 15 days is picked based on our
analysis on the average/median number of days it takes to
decide on a suggested edit. We will record three types of
status updates for each suggested edit: Rejected, Approved,
Undecided. After the completion of the 10 edit tasks, each
participant will be invited to complete a short survey. The
survey questions are as follows:
Q1. How confident are you with your suggested edit?
Q2. What challenges did you face while using the Stack
Overflow edit system?
Q3. (Only for the treatment group) Did the use of EditEx tool
help you make better editing suggestion?

Fig. 2: Proposed tool interface.

Q4. (Only for the treatment group) Would you use EditEx
tool to help you edit in Stack Overflow from now on?
In addition, each participant will be also asked to assess the
complexity and effort required for the editing tasks using the
NASA Task Load Index (TLX) [12]. NASA TLX assesses
the subjective workload of subjects. After completing each
task, we asked each subject to provide their self-reported effort
on the completed task through the official NASA TLX log
engine at nasatlx.com. Each subject will be given a login ID,
an experiment ID and task IDs, which they will use to log
their effort estimation for each task.
C. Analysis Plan
For each participant, we count the total number of suggested
edits that got rollback. Based on that, we compute the average
number of rollback edits per user for both control and treatment groups. If the average number is lower for treatment
group, that gives us a preliminary validation that our tool is
useful. To further confirm the usefulness, We will find whether
the difference of rollback edits between treatment and control
groups is statically significant using the Mann Whitney U test,
a non-parametric statistical significance test. P-value from the
Mann Whitney U test can inform whether an effect exists.
However, the p-value will not reveal the size of the effect.
So, we plan to employ Cliff’s delta to see how substantially
different the two groups are.
We compute the efforts spent by each participant using the
NASA TLX values as reported by the participants. We analyze
the following five dimensions in the TLX metrics for each
task under each setting: 1) Frustration Level. How annoyed
versus complacent the developer felt during the coding of the
task? 2) Mental Demand. How much mental and perceptual
activity was required? 3) Temporal Demand. How much time
pressure did the participant feel during the coding of the
solution? 4) Physical Demand. How much physical activity
was required. 5) Overall Performance. How satisfied was the
participant with his performance? Each dimension is reported
in a 100-points range with 5-point steps. A TLX ‘effort’
score is automatically computed as a task load index by
combining all the ratings provided by a participant. Because
the provided TLX scores were based on the judgment of
the participants, they are prone to subjective bias. Detecting
outliers and removing those as noise from such ordinal data

is a standard statistical process [25]. By following Tukey, we
only considered values between the following two ranges as
valid: 1) Lower limit: First quartile - 1.5 * IQR 2) Upper
limit: Third quartile + 1.5 * IQR . Here IQR stands for ‘Inter
quartile range’, which is calculated as: IQR = R3 − R1. R1
and R3 stand for the first and third quartile, respectively. We
then compare the efforts spent by participants between the
control and treatment group by computing both average efforts
as well as the statistical significance and effect size. While the
above approach removes the outliers from the TLX scores, we
will also compare the scores without removing the outliers to
report the effect of the outliers on the overall TLX scores.
We analyze the survey responses of the participants as
follows. The Q1 in Section IV-B has five confidence scales:
-2, -1, 0, 1, 2. A value 2 denotes very confident. A value
of -2 denotes not confident at all. We will compare the
reported confidence values between treatment and control
groups, similar to analysis of efforts. The responses to Q2 (i.e.,
challenges they faced) will be open-ended, i.e., participants can
write anything they want. We will use open coding to analyze
and report the responses, following previous studies [15, 27].
The responses to Q3 and Q4 will be binary, i.e., yes or no.
We will report those by simply providing the percentages of
participants responding to a yes/no.
V. I MPLICATIONS OF S TUDY F INDINGS
The developed classifiers from our study can be used to
automatically detect rollback edit reasons in Stack Overflow.
This then can extend current tools and techniques that predominantly use contents from suggested edits to recommend
editing suggestions (e.g., see the works of Chen et al. [6, 7]).
The tool EditEx, once properly developed can help developers
to use it alongside the current Stack Overflow edit system.
This can help the reduction of rollback edit reasons in Stack
Overflow and can improve the overall satisfaction of Stack
Overflow users. In the long term, the tool can promote better
contents, because users will be more motivated. Such high
quality contents then can offer better content and recommendation support for tools and techniques that focus on the quality
of contents shared in Stack Overflow [32, 30, 13, 24, 1, 19],
the suite of tools and techniques developed to detect and
recommend quality posts [22, 23, 31, 11, 17, 5].
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