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Abstract Context: Software development creates and relies on a large volume
of information, yet the volume of this information can make it challenging for
developers to maintain an overview of all goings-on that a team and external
actors contribute to a project. We posit that unexpected or “surprising” events
could serve as important signposts amidst this information overload. These
unexpected events may indicate underlying anomalies or emergent situations
that require immediate attention. To explore this premise, our study leverages
the concept of ‘surprisal’ from information theory to identify and quantify these
unusual occurrences from the issues and pull requests of popular open-source
software repositories.

Objective: Drawing from a previously published research protocol, our
study investigates whether a correlation exists between the ‘surprisal’ of issues
and their perceived importance or difficulty within software repositories.

Results: We performed a comprehensive analysis of approximately two
million issues and pull requests, gathered from 1,270 repositories. Their ‘sur-
prisal’ was then examined in relation to several indicative metrics of difficulty
and perceived importance. Our results indicate only a weak correlation. This
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outcome underscores the need for further research to devise more effective
strategies for helping developers prioritise issues.

Keywords self-information · n-gram · GitHub issues
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1 Introduction

Software development generates a vast stream of events, each of which must
be acted on, if only to ignore or discard it. To manage this information
flood, developers filter and prioritise in light of their understanding of their
project’s typical behaviour. These prioritisations are imperfect and provisional
and can let critical events slip through. Further, a surprising event, even
if unimportant and immediately ignored, can be valuable if it increases a
developer’s confidence in their current work plan by affirming their current
priorities. Thus, we hypothesise that developers need to be aware of sufficiently
unexpected or ‘surprising’ events, even those that turn out to be noise, as they
may either affirm a developer’s current course of action or trigger a developer
to revise their priorities. This hypothesis is supported by related work which
found many developers want to be notified of unusual or surprising events
in their software repositories, e.g., when summarising project activity [58],
notifying developers about unusual commits [40,24], and for the identification
of malicious content [23].

In the broad area of statistical analysis it is crucial to be able to detect
outliers. As Agarwal and Gupta so succinctly describe them, “an outlier is an
observation that deviates so much from other observations as to arouse suspicion
that it was generated by a different mechanism” [2], which has implications for
the reliability of the data and relationships that the data may represent. They
describe a plethora of detection mechanisms, informed by quantitative metrics
that fit perfectly with surprisal. Outlier detection through surprisal or any
other method guides empirical software engineering as data quality informs
reliability here too [51]. Miller and Myers espouse the use of outlier detection to
highlight and fix possible errors in text-based and systematic tasks [44]—despite
an admittedly small sample size—which could have its own use in software
engineering tasks. Its use does not stop at human application, and Vignero and
Demey present a system by which artificial agents may benefit from the same
epistemic value that surprise has in human agents [60]. This invites surprisal
analysis to be used in artificial intelligence and its own applications.

Consider the scenario of a developer who has been away from a project for
several weeks, perhaps due to vacation or a different assignment. Upon returning,
they face the task of catching up with the project’s progress and understanding
the major changes that took place during their absence. Conventional resources,
such as release notes or version histories, might be available, but these can be
overwhelming or of limited value to the user if they are not curated carefully
and include even trivial changes [6], §4.2. Because surprising events deviate
from the norm, they can bring issues to the fore that might otherwise be
overlooked amidst more predictable changes. We propose tooling that sifts
through the sea of changes to highlight the most unexpected or ‘surprising’
ones.

Surprisal presents an opportunity to inform the software development pro-
cess for newcomers to a project and experienced maintainers alike. Newcomers
have their own preconception of the software development process, either from
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a lack of experience or experience gained elsewhere in their careers. Should
surprising issues hide insidious difficulty, then, they are a poor learning ex-
perience for developers with no experience. Surprisal analysis can therefore
steer new developers away from such issues, into a more gentle and productive
introduction to a software repository. For experienced newcomers, cross-project
transfer of knowledge concerning “surprises” would improve the engineering
process if those surprises confer concerns or better methods to achieve their
desired outcomes. For example, two projects, one that uses a third-party library
for a feature, and the other that has a custom implementation, could learn the
benefits of the other method through a newcomer’s perspective of the other
project where they have experience.

It is important to note that experienced developers have an entirely different
perspective of surprising issues that a project may have. This comes from the
extra dimension that the length of time maintaining a project represents. A
particular issue may not be surprising to an experienced developer who expects
particular unstable features to present problems in the future. This perspective
aligns better with what we expect a dedicated statistical model would represent,
compared to a newcomer, which could alternatively be represented with a cross-
project model.

Surprisal, a concept derived from the foundational work of Claude Shannon
in information theory, is a measure of how surprising an event is, given its
probability under a random variable. It quantifies the informativeness of the
content of that event, with higher surprisal indicating more unexpected or
informative content. This work explores whether ‘surprisal’ can effectively help
developers navigate the vast information terrain of software development. The
formal definition of surprisal for an event x is given as I(x) = − log2 P (x),
where P (x) is the probability of x occurring. This concept is frequently applied
in the context of language models, where it is traditionally used as a proxy for
the cognitive load of parsing a model’s output [26].

In line with recent work applying natural language techniques to software
engineering data [30], we train a language model on issues submitted to GitHub
in this study. Our aim is to identify the most surprising ones and to assess
the usefulness of surprisal in identifying issues that developers would want
to be aware of. We explore two scenarios involving surprisal: its impact on
resolution difficulty and the perceived importance of surprising issues. Although
we analyze issues and pull requests separately in this study, we will refer to
these collectively as ‘issues’ for convenience.

Previous research [35] suggested that adhering to project-specific language
norms can reduce issue resolution time. With the assumption that surprising
issues are likely to deviate from these norms, we investigate whether they
present more difficulty in resolution. Other studies [45] have looked into the
types of issues that get reopened, and found that specific issue metrics, such as
the number of comments, show correlation. We conceptualize difficulty in terms
of (1) reopened rate, (2) amount of discussion, and (3) resolution time. We
propose that issues with lower surprisal are resolved faster due to less difficulty,
while those with higher surprisal take longer.
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Moreover, previous work asserts that developers wish to be alerted about
unexpected issues in their repositories [58], and that issues of high importance
are more likely to feature in release notes [1]. Surprising events are not necessar-
ily important, but automatically prioritising them can fail, so each one needs
to be assessed, which can trigger revising priorities. In this context, we explore
whether surprising issues are quickly assessed or reorder priorities. We do so in
terms of (1) mentions in release notes, (2) being the first issues tackled after
a break, (3) attracting GitHub reactions [7], and (4) being assigned priority
labels. We hypothesize that issues with lower surprisal are discussed less and
therefore leave fewer traces in a project’s development artefacts. In contrast, we
propose that surprising issues—those that hold the most novelty—are among
the most discussed events. Their resolutions are more frequently communicated
to users; they are prioritised when developers sift through the backlog; and
they garner interest not just from developers, but users as well.

In the interests of the scientific community, particularly in transparency
and replicability, we have made the useful data and source code used in the
paper available on Zenodo [10].

2 Research Questions

To guide our investigation, we have formulated several research questions and
hypotheses, building on the research protocol detailed in our prior work [12].
The primary question we aim to answer is, “Is surprisal useful in identifying
issues that developers would want to be aware of?”. Given the absence of a clear
metric for awareness needs, we turn to related research for proxy metrics which
can be grouped into three categories: the human surprise emotion (addressed
by RQ 1); resolution difficulty (addressed by RQs 2 and 3); and perceived
importance (addressed by RQs 4 and 5).

RQ1: How well does information theory’s surprisal, as measured by a
statistical language model, align with perceived surprisal?

With RQ1, we hope to find how statistical language models compare to the
human perception of surprisal. The statistical language model will accurately
calculate the likelihood of the tokens within an issue, but do so based on the
millions of tokens. The best ability of humans is likely unable to achieve such
speed and precision, but will be able to estimate a general level of surprisal
based on a working-memory of the issues that they have been exposed to. This
research question aims to answer how accurate this judgment could be, and if
it is potentially helpful for ad-hoc surprisal-based triage.

RQ2: Is there a correlation between the surprisal of issues and the
difficulty of their resolution?
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For RQ2, we define ‘resolution difficulty’ in terms of three factors: the
frequency of issue reopening; the extent of discussion prior to issue resolution;
and the time taken to resolve the issue. While this is not an exhaustive list,
these indicators will serve as a starting point for assessing issue difficulty in this
study. We hypothesize that issues with higher surprisal, potentially signaling a
greater level of unexpected complexity, may prove more challenging to resolve,
as evidenced by these factors.

We formalise RQ2 into the following hypotheses:

H2.1: Surprising issues are more likely to be reopened.
H02.1: There is no significant difference in how often surprising issues are reopened,

compared to unsurprising issues.

H2.2: Surprising issues attract more discussion. (Number of people involved)
H02.2: There is no significant difference in how much discussion surprising issues

draw, compared to unsurprising issues.

H2.3: Surprising issues attract more discussion. (Number of interactions)
H02.3: There is no significant difference in how much discussion surprising issues

draw, compared to unsurprising issues.

H2.4: Surprising issues take longer to resolve.
H02.4: There is no significant difference in time to resolve surprising issues, com-

pared to unsurprising issues.

H2.5: Surprising issues are difficult, and difficult issues are best represented as
some combination of reopen rate, amount of discussion, and time to resolve.

H02.5: Surprising issues are difficult, but difficulty is best represented as only one
factor of reopen rate, amount of discussion, or time to resolve.

RQ3: Is there a correlation between the surprisal of pull requests and
the difficulty of their resolution?

RQ3 adopts the same definition of ‘resolution difficulty’ as RQ2, but applies
it to pull requests instead of issues. Pull requests are more constrained than
issues, typically addressing a clearly identified need, and thus could provide a
better use case for our central hypothesis.

The formal hypotheses for RQ2 are shaped similarly to those for RQ2,
as pull requests and issues share functional similarities in this context. To
maintain brevity, we have omitted the detailed text for these hypotheses (H3.1

through H3.5).

RQ4: Is there a correlation between the surprisal of issues and their
perceived importance?

For RQ4, “perceived importance” is defined as a combination of several fac-
tors: mention in release notes; rapid addressing after a break period; garnering
a high number of GitHub reactions; and the assignment of high-priority labels.
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While this may not be an exhaustive list, it establishes a sufficient basis for
our investigation.

We formalise RQ4 into the following hypotheses:

H4.1: Surprising issues are more likely to be mentioned in release notes.
H04.1: There is no significant difference in how often surprising issues are mentioned

in release notes, compared to unsurprising issues.

H4.2: Surprising issues are addressed with priority over unsurprising issues after
a hiatus.

H04.2: There is no significant difference in the time addressing post-hiatus surpris-
ing issues, compared to unsurprising issues.

H4.3: Surprising issues attract more GitHub reactions.
H04.3: There is no significant difference in how many reactions a surprising issue

receives, compared to unsurprising issues.

H4.4: Surprising issues are more often labelled as high-priority issues.
H04.4: There is no significant difference in what priority surprising issues are

labelled, compared to unsurprising issues.

In H4.2, we define a “hiatus” as belonging to the top 25% of the longest
periods between issue resolutions by each contributor for a specific repository.
The term “priority” here refers to the sequence in which issues are tackled
post-hiatus.

RQ5: Is there a correlation between the surprisal of pull requests and
their perceived importance?

Just as RQ2 and RQ3 focus on issues while comparing them with pull
requests, RQ4 and RQ5 adopt a similar approach. Pull requests are consid-
ered separately due to their more formal structure and the fact that they
directly address needs typically expressed in issues. The complete formulation
of hypotheses H5.1 through H5.4 has been excluded for brevity’s sake.

3 Variables

A summary of the variables involved for all the research questions can be found
in ??.
Predictor Variable:

– Surprisal. How surprising the content of the issue is to the language model.
This is calculated as the cross-entropy of the issue text and the corpus of
issues. Cross entropy (Equation (1)), first described as ‘minimum directed
divergence’ by S. Kullback [37], calculates how many symbols on average are
required to represent an event from one distribution in a coding optimised
for another, if both have the same support. In our setting, it measures how
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many symbols are required to represent an issue’s description, based on the
distribution of words observed (Po) in the issue, in the true distribution
(Ptt) of words in all issues.

H(Po, Ptt) = −
∑

x ∈ X

Po(x)× log(Ptt(x)) (1)

When the observed distribution (the issue’s use of words) differs from the
distribution of the training set (the set of all issues), cross entropy increases.
Higher values of cross entropy therefore imply an issue is more surprising.

Response Variables:

– Surprise. The novelty of information perceived by a human is one reason
someone might say something is a “surprise” [63]. This emotional response
is subjective and imprecise when compared to the machine-calculated “sur-
prisal”. For this reason, we use a 4-degree Likert scale comprising the ratings
‘Very Unsurprising’, ‘Unsurprising’, ‘Surprising’, and ‘Very Surprising’. We
chose to use four degrees to avoid a neutral option, which could be misused
as a default option or crutch for lack of surety, which likely occurs as Chyung
et al. explain [14].

– Reopenings. How many times the issue has been reopened. An issue
can be labelled as closed and then reopened for numerous reasons, just as
a pull request can be merged and then reopened. This usually indicates
a regression of functionality, reoccuring bug, or unsuccessful fix [32], all
indications that the issue has additional complexity associated with it.

– Participants. How many individual participants have interacted with the
issue. Every event that takes place on an issue has an actor associated
with it. This actor represents somebody interacting with the issue. If a
particular issue involves multiple assignees for example, it may be a sign
that additional expertise is needed to resolve it. It could also mean that
it affects a lot of people but is not necessarily more difficult. Kavaler et
al. [35] show that there is a significant increase in issue resolution time with
an increased number of unique participants.

– Interactions. How many interactions have been made with the issue,
including comments, mentions, taggings, assignments and state changes. A
full list of events is available in the GitHub Issue API documentation [17],
including those that have not been used. Some of these interactions are
considered a normal part of the resolution process, although we expect
to see more interactions if the issue reveals hidden complexity over time.
Kavaler et al. [35] also show there is an increase in issue resolution time
corresponding to the number of comments made.

– Open State Duration. How long the issue has been unresolved in seconds;
from first submission to last closure, or if it has not been closed, the time
of analysis. While some issues may not be difficult, but especially time-
consuming, we expect to see longer resolution times for issues that are
difficult to diagnose or replicate.
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– Mentions in Release Notes. How many times the issue has been men-
tioned within release notes on GitHub. Some repositories make no use
of GitHub’s Releases feature, so only the repositories that do, and that
mention issues at all in them will be considered. Highly important issues
are more likely to be included in release notes [1].

– Order of Address. After lengthy breaks of development, whether inde-
pendently taken or due to holidays, it is likely that the most pressing issues
in the backlog are chosen for immediate resolution. Commits after extended
breaks have been described as interesting in a previous paper [58]. Each
contributor has a time between addressing issues, so taking the top 25% of
these breaks in terms of longest duration, and then ordering the issues that
they worked on afterwards gives us an indication of what importance the
author places on each issue.

– Reactions. How many reactions have been made on the issue. Reactions
give users a quick way to interact with an issue. For example, users can
express joy that a particular issue is closed, or frustration if it disrupts
them personally, through reactions. The number of reactions can be seen as
a community rating of importance, rather than that of the maintainers [7].

– Labelling. Many repositories use the GitHub issue labelling system to
triage incoming bug reports and feature requests. Issues are sorted by
maintainers into perceived priorities and labelled as such, from low priority
to high priority [64], §3.B. These labels can be seen as the maintainer’s
rating of importance.

4 Data Sets

In this section, we present the data sources that we used, and how we used
them.

4.1 Sources

For this study, open-source software stored on GitHub serves as our primary
and sole source for software issues. Using the GitHub REST API, we extract
the raw text of the issues, their titles, descriptions, labels, etc. The data is
current as of March 2023. We also extract timestamps, event data and numerical
data, corresponding to the response variables. An example of the data that
this interface provides can be found in the GitHub documentation [18]. Stars
represent a user liking a repository, and therefore indicate popular repositories,
more likely to have a high number of issues due to increased testing and feature
requests — a result of more users [8]. To maximise the number of users that
might benefit from this research, while limiting the time and computational
resources to a manageable amount, we have decided to start with the top 5,000
most-starred repositories. The GitHub API does not provide direct access to
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Table 1 Additional information on the variables present in the study, including how they
are measured.

table]tab:variables

Variable Hypotheses Description

Surprisal Predictor for
all hypotheses

How surprising an issue is to the statistical language
model.

Surprise Response for
H1.1

Subjective human rating of the emotional surprise that
an issue evokes.

Reopenings Response for
H2.1, H3.1

After an issue has been labelled as closed or resolved, it
can be reopened either due to a fix being unsuccessful,
a regression, or reoccurring bug.

Participants Response for
H2.2, H3.2

Number of unique individuals involved with the issue.
Each event (as described by the GitHub API [17])
associated with an issue has an actor that initiates it,
whether that event is a comment, or a state update.

Interactions Response for
H2.3, H3.3

Number of events associated with the issue.

Open State
Duration

Response for
H2.4, H3.4

Length of time between the issue’s creation, and it
being resolved for the final time in seconds.

Mentions Response for
H4.1, H5.1

Number of mentions within a repository’s release notes.

Order of
Address

Response for
H4.2, H5.2

Issue order after longest 25% of contributor’s inter-issue
resolution times.

Reactions Response for
H4.3, H5.3

Number of reactions on a particular issue.

Labelling Response for
H4.4, H5.4

Perceived priority or importance label of a particular
issue.

Variable Measure Operationalisation

Surprisal Ratio Cross entropy of issue, obtained with probability from
SLM trained on corpus of all issues.

Surprise Ordinal Assessed by a human participant, by rating sample
issues on a 4-degree Likert scale.

Reopenings Ratio GitHub Issue API’s “reopened” event.

Participants Ratio GitHub Issue API’s event “actor” for each event asso-
ciated with an issue.

Interactions Ratio Count of events, as described by the GitHub Issue
API [17].

Open State
Duration

Ratio Difference between GitHub Issue API’s “created at”
value for the issue and “closed at” value.

Mentions Ratio Scrape for issue numbers through GitHub’s Releases
API.

Order of
Address

Interval Issues assigned to a contributor are retrieved through
the GitHub Issues API.

Reactions Ratio Count of reactions for an issue, from GitHub’s Reac-
tions API.

Labelling Interval Labels are extracted via the GitHub Issues API,
and then normalised (per repository) to a 3-degree
scale, ‘low-importance’, ‘medium-importance’, ‘high-
importance’.
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such information, so we query the GitHub API with the filter that it does
provide; returning all repositories with stars ≥ x for a low enough value of x
to collect 5,000 results.

This supposes that GitHub is used in the same way by the maintainers of
those 5,000 repositories, which is not the case. As noted by Kalliamvakou et
al. in 2014 [33], many of GitHub’s repositories do not make use of the Issues
feature; 36.6% of these repositories are not software development related and
possess little to no code [33]; and approximately 19,000 repositories (< 0.1%) at
the time were simply a mirror of a repository developed and hosted elsewhere.
We use G-Repo [49] as a means to filter out non-software repositories and
repositories making little use of the Issues feature (less than 100 issues). This
is the final filtering step, where 1,270 repositories and their approximately
2,000,000 issues then go on to be included in the model.

Some of the repositories are not English language repositories, but there
are few enough that they do not contribute a large proportion of the issues,
only approximately 58,000 of 2,000,000 (as estimated by non-ASCII characters
appearing in their text). As much as possible, we wish to limit the scope to
English language issues, but precise detection of this proves challenging and
thus we elect to leave these issues in the training data. Consequently, these
issues appear as above average surprisal since their tokens do not appear in
English language issues. Since the analysis based on ASCII encoding is only a
very rough approximation and it is infeasible to judge all repositories with a
language detection library, we did not attempt to exclude non-English language
repositories. The corresponding threats to the validity of this analysis are
discussed in Section 8.3.

4.2 Language Model Transfer

The statistical language model (SLM) used to determine the surprisal of an
issue is intended to represent a probabilistic model of what the content of
an issue looks like. Software issues are typically written in such a way that
requires domain-specific knowledge of terminologies and jargon, and are in most
cases very specific to the project they reference. As a result, a more specific
SLM, trained on a software-based corpus is likely to see some improvement in
accurately modelling the software language used, compared to a more general
pre-trained model [61], §5.3. For this reason, a bespoke language model is
trained for the task.

A subjective evaluation of the model takes place after it is trained. This
is to ensure that the model is accurately representing the training data, and
the probability that phrases occur are reflected in the count of the n-grams.
This is a simple process where the n-grams are sorted by their occurrence
count and manually inspected, considering several from the top and bottom
of the range. N-grams that appear the most should be common phrases or
structures found in issues, and the opposite being true for n-grams that appear
the least. We expect to find that the n-grams “require bigger architecture” and
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“languages interested having” would have low counts because of the dubious
quality of the grammar, and we do, as they each have 1 count across all issues.
Non-significant combinations of numbers, e.g. “8 10 110” appear only once, as
do hexadecimal strings e.g. “6ae821421a7d downloading a9e976e3aa6d” and
“code 1521 ea3859d4ba2f3e577a159bc91e3074c5d85c0523”. These observations
lend credence to the correct training of the model. Similarly, examples from
the high count end of the range do too. For example, a very common structure
parsed with 2 million n-gram occurrences, was nested HTML markup, simply
“[HTML] [HTML] [HTML]”. Given the structured nature of HTML, we should
expect such n-grams to occur regularly. Greetings and valedictions should occur
frequently at the start and end of issues respectively. The model also shows
this with “[BLANK] [BLANK] hello” occurring 28,825 times, and “thanks
[BLANK] [BLANK]” occurring 26,270 times.

N-gram models saw some popularity during the 2000s and 2010s, but gradu-
ally saw declining popularity due to their perceived contextual fragility [50](2000),
and competitive neural language models being developed [43](2012). Despite
this, n-gram models still perform admirably in Natural Language Processing
applications. For our SLM, we use a trigram model using word tokens (shin-
gles). We chose this due to its simplicity, familiarity, popularity, and reasonably
effective results [13].

4.3 Pre-processing

Issues are composed of a title and description. Both of these elements have
the possibility of individually containing pertinent information, and in some
examples do not describe the information the other holds. It is for this reason
that during the pre-processing stage, we prepend the issue description with
the issue title. The SLM is trained on these title-description combinations.

Before training a model on the issue text, we will clean the data with the
following pre-processing steps:

1. HTML Void Elements [57] are translated into special tokens, e.g., <br>
becomes [BR].
(Also code blocks, see details following.)

2. Other HTML elements are replaced with their contents, e.g., a list element
becomes a simple string of its content.

3. Text undergoes normalisation of its Unicode forms. Canonical Composition
(NFC) is used in accordance with the Character Model standard proposed
by W3C [25].

4. Punctuation and symbols are removed on word boundaries, and when
isolated.

5. Stop words are removed.
(See details following.)

As singular code tokens — variable names and the like — appearing inline in
the body text of the description may provide important contextual information
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across multiple issues, they will be preserved in the training data if they are
not formatted similarly to code blocks. Code blocks, on the other hand, risk
introducing too many globally-unique tokens into the model without introducing
useful and actionable information to the description. The reason is that the
syntax of code can be entirely disparate with that of English, for example, and
so code blocks will be replaced with a special token [CODE] where they are
demarcated with the <pre> and <code> HTML tags (as is typical on GitHub).
Unfortunately, due to the varying quality of user contributions to GitHub, it is
impossible to detect all the code that appears in issues. While many people use
the correct formatting for code, others are unaware of this convention. While
most code blocks have been replaced with a special token, many examples of
code will slip through into the language model. These code blocks are easily
detectable via manual inspection, but not in a timely, automated way across
many millions of issues, and as a consequence will artificially raise the surprisal
of an issue. The assumption that we have made is that code blocks either
appear as the markdown ‘‘‘ or HTML <code> tags wrapping a block of text.
Singular code tokens that appear this way will also be removed to simplify
processing.

As is standard in many natural language applications, we perform stop word
removal using the set of stop words provided by the natural language toolkit
spaCy. Stop words are the most common words in the language, and “help
build ideas but do not carry any significance themselves” [41]. Removing these
removes low-information tokens from the documents and increases average
entropy. This also contributes to lowering the processing time and memory
required as there are fewer words to track, and thus increases the efficiency
of the model. It is possible that the quality of the language model could be
improved by further transforming the text in a final step. In other applications,
lemmatisation or stemming is used to reduce the occurrence of high-information
tokens. Abstract concepts are learned better if “database” and “datastream”
are reduced to the concept “data”. In the research protocol, we state that
a trial of this will be conducted to see if it is suitable for models measuring
surprisal. Unfortunately, due to lack of time and effective tooling, stemming
was not used, so the model, while accurate to the training data, loses some of
its transferability to other data sets.

An overview of the steps taken to prepare the data and train the statistical
language model can be found in ??.

5 Execution

In this section, we present the method we use for the study.

5.1 Method

To test all hypotheses, we adopted the following method, as briefly outlined in
??:
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Fig. 1 Training the Statistical Language Model

figure]fig:training

Start

Query GitHub API for each issue

Extract and combine Title and Description

Replace code blocks

Remove HTML tags

Remove URLs

Remove stop words

Split into tokens

Extract N-grams

Calculate N-gram frequency

Add issues to language model

Store language model

End

We gathered data by querying the 1,270 repositories that we selected
from the most starred repositories on GitHub using the GitHub API. The
API provided us with the ID of each issue that had been created within
the repository. We used this ID to interrogate the API for each issue of the
repositories. The information returned to us included each record kept within
the issues. We isolated the records for the titles and descriptions, preparing
them for the next step.

We put the titles and descriptions through the pre-processing steps outlined
in the previous section. At the conclusion of the pre-processing step, we fed
the tokens into the statistical language model’s initial learning process. We
took the context of each token into account, tallied n-grams, and calculated
the relative n-gram frequencies. Once we had trained the SLM, we considered
the rest of the information from each issue individually.
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We examined the list of labels associated with each issue. We recorded
issues that had labels relating to priority or importance as having them, and
we normalised the highest priority/importance label in the list for an issue into
the range of three degrees. For more detail on the normalisation process, please
refer to Section 5.3 that follows.

We used the title and description again to measure the resulting surprisal
of the issue. We interrogated each n-gram from the concatenated title and
description in the SLM for its surprisal value, and we recorded the average of
each n-gram’s surprisal to represent the overall surprisal of the issue.

We checked the list of events associated with an issue, which contained
multiple data points that we recorded for the correlations. We tallied each event
as the number of interactions, we also tallied each event marking a reopening,
and we counted the set of unique authors for the events.

We noted the open duration as the difference in seconds from the opening
of the issue to its recorded closing. Like GitHub, we only took into account
the most recent closing. For each issue, we also separately logged the user
that resolved it along with the closing time. This information aided us in
determining the inter-issue resolution time for each issue later.

Each reaction type for an issue has a separate count of how many users
have made that reaction. We record the total number of reactions to the
issue, aggregating all reaction types; “+1”, “-1”, “laugh”, “confused”, “heart”,
“hooray”, “rocket”, and “eyes” into the one total.

We determined whether or not an issue was also a pull request from the
presence of the “pull-request” field in the issue’s returned information. Of all
the issues we analyzed, approximately 1.05 million (53%) were pull requests.

That marked the end of the information that we could extract by-issue
from the GitHub API. For the remaining data, we queried each repository’s
release notes using the GitHub API. In release notes, it is common practice
to cross-reference which issues were resolved in a particular release. Release
note authors only need to mention the issue’s number for GitHub to create
a cross-reference. As we parsed the release notes, we tallied every mention of
a particular issue’s number in the repository’s release history and recorded it
with the issue.

After the step in which we had recorded the closing user and resolution time
for each issue, we calculated the longest 25% of inter-issue resolution times
per unique contributor. We partitioned the chronological list of issues that a
contributor had resolved into bins, splitting when the time between issues was
within the durations of those longest 25% of breaks. We recorded each issue’s
ordinal position in the bin. As a result, the issue immediately following a break
determined to be within 25% of the longest breaks received the rank of 1.

We completed the processing of data and all that remained was to generate
descriptive and inferential statistics as per Section 6. We calculated the mean,
standard deviation, minimum and maximum values for each variable, and
generated a plot showing the relationship between each variable and surprisal.
Finally, we ran Kendall correlations for each response variable.
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Fig. 2 Method Flowchart

figure]fig:method

Start

Query GitHub API

Pre-processing

Calculate Difficulties

Calculate Importance

Train SLM

Select Test Issue

Generate Statistics

End

5.2 Human Surprise Rating

To judge the applicability of machine rating of surprisal as an analog for human
surprise, it is necessary to have a human participant rate a sampling of issues
by their relative ‘surprise’ and calculate the machine rating of the surprisal of
those same issues. For manual analysis, we mark 328 randomly selected issues,
a sample size calculated to attain a 95% confidence interval, from an arbitrary
but representative repository totalling 2,887 issues, which is the approximate
mean number of issues per repository from the entire GitHub data set.

We task two authors of this paper to rate all 328 issues by how surprising
they are. The second rater is only required to determine the subjectivity of
the task, by measuring inter-rater agreement, they will not contribute to the
comparison with the machine rating. Each rater is required to read all issues
in advance before rating them, to gain an understanding of what a typical
issue looks like in the repository. They are only asked to take note of and
rate the title and body text of the issue, and no accompanying information
such as labels, issue type, responses, images, etc. The participant is asked to
rate each issue on a 4-degree Likert scale with the possible options of ‘Very
Unsurprising’, ‘Unsurprising’, ‘Surprising’, and ‘Very Surprising’, according to
how surprising the content of the issue is to see in the samples. An example of
a very unsurprising issue might be formatted in the repository’s standard bug
report form and describe a bug that has either occurred before, or is similar to
one that has. A surprising issue counterexample might consist of unstructured
text, describing an issue that has no similar reported issues, perhaps even
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describing an issue not caused by the software repository in question but
external software instead.

As mentioned, the raters and model only take the title and body text of
an issue into account. Additional information from the issues such as images
were not considered in the human rating of surprisal as we were unable to
devise a solution that would expose the statistical language model to this data
too. The intention of this experiment is to see how well surprise aligns with
surprisal, which means that it is important that both sides only have access to
the same information. The consequence of this choice, is that the human raters
cannot give a truly accurate judgement of an issue’s total surprise. While this
allows direct comparison between human and machine, we also chose to limit
the other textual data exposed to both sides to simplify the process, and it
is the omission of labels, responses, etc. that may limit the reliability of the
conclusions presented.

It is assumed that the 328 issues that the human sees give an indicative
view of the entire repository. The statistical language model used to calculate
the surprisal of these issues is afforded more information; the entire set of
issues from the repository. This was a compromise made to lower the amount
of tedious work and reduce fatigue-induced error on the behalf of the human
rater, but ensure that the language model had enough data to construct a
dense enough language model that would accurately rate the surprisal. All
issues undergo the applicable pre-processing steps before they are consumed to
create the statistical language model, after which the model is queried for the
surprisal values of those issues specifically selected for human rating.

The analysis is carried out in two parts. Firstly, the rater agreement is
calculated between both human and the machine ratings. A well-suited measure
for Likert scales, and ordinal measurement levels is Krippendorff’s alpha
coefficient [28], as it takes into account the relative severity of disagreements
between distant rating values. Secondly, a correlation is calculated between
the human and machine ratings. We use the ratings given by the first author,
as either is valid to use, since agreement is moderate as shown in Table 6 but
not problematically low. A description of the tests performed is found in the
following Section 6, Analysis. The difference between ‘Very unsurprising’ and
‘Unsurprising’ and similarly for surprising issues may not prove to be useful, so
we additionally include the analysis of the binary case, where issues are only
classified as unsurprising or surprising, without the degree of severity.

5.3 Label Normalisation

Some GitHub repositories use the labelling system to assign priority grades or
importance to issues in their triage process. These labels are user text input
and can represent these grades in a number of different ways. For example,
one repository may use the labels ‘Low Priority’, and ‘High Priority’, where
another may use the labels ‘P1’ through ‘P5’. This labelling is specific to a
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particular project, and represents the developers’ best understanding of what
order that issues should be resolved in.

To process these priority labels, it is necessary for manual classification to
normalise these different ranges. Taking a random sample of 2,000 unique labels
from 29,168 total observed labels, we task three of the authors to categorise
each label as either not related to priority, or representing a priority from
low, medium, or high. The agreement between these sets of ratings is then
calculated using Krippendorf’s alpha with a resulting value of 0.681. Higher
is better; however, this value shows that there is a good consensus between
the sets [36]. One of the authors is then able to rank all 29,168 labels knowing
that those judgements are likely reasonable. More detailed information on this
process has been published in the supplemental paper Prioritising GitHub
Priority Labels which is available as a pre-print on arXiv [11].

These categories are normalised to the numerical range of −1.0 for low
priority, 0.0 for medium priority, and 1.0 for high priority for the purpose of
the analysis.

6 Analysis

This is a correlational study of independent random variables, the following is
the design of the quantitative analysis that is undertaken. All calculations are
performed using the JASP statistics program and the Python package SciPy.
The following outlines the structure of the results section:

Descriptive Statistics We present descriptive statistics of the predictor and
response variables in a summary of the complete data set. Sample size, mean,
standard deviation, maximum, and minimum values for each variable are
included.

Inferential Statistics We present a correlation and regression analysis using
linear regression. We then test each hypothesis separately with its corresponding
variable, and look for statistical significance.

Typically, a Shapiro-Wilk test is used to determine whether the data shows
normality [54]. If the data is normally distributed, we can choose to use the
additional descriptive power of a Pearson correlation. If not, a Spearman
correlation can be used instead [56], §1.2.a). Because the sample size of issues
is large, the Shapiro-Wilk test becomes too sensitive to deviations from the
perfect model [65]. The Pearson correlation does not lose all accuracy with
a non-normal population distribution, but can form the best estimate when
the population has this property. The Kendall rank correlation is also useful
to use, as it compares concordant and discordant pairs, unlike the Spearman
correlation, which is purely based on rank. Given that the data is likely to have
many tied ranks, since some response values are only integers within a very
small range, it may be more accurate to use the Kendall correlation coefficient.



The Role of Surprisal in Issue Trackers 19

To test H1.5 and H2.5, we perform a multiple linear regression, this time
including one statistically significant measure of difficulty into the null model. If
the F-test is not statistically significant, we can accept the alternate hypothesis.

This test shows if a combination of our chosen difficulty factors is better in
representing difficulty as a whole, in comparison to the measure added to the
null model on its own. When performing this second regression, we expect to see
multicollinearity, a high Variance Inflation Factor for these measures [39], §10.5,
as our belief is that they represent the same variable: difficulty.

7 Results

Table 2 Descriptive statistics showing a general overview of the data collected for the
predictor and response variables.

table]tab:descriptiveStatistics

Mean Std. Deviation Minimum Maximum

surprisal 22.801 3.720 9.825 26.610

reopenings 0.044 0.242 0.000 11.000

unique participants 2.649 2.418 0.000 117.000

interactions 8.715 15.572 0.000 5913.000

open duration (s) 5.516× 106 1.811× 107 0.000 3.272× 108

reactions 0.195 2.216 0.000 497.000

label priority −0.241 0.920 −1.000 1.000

mentions in releases 0.105 0.636 0.000 92.000

See ?? for the descriptive statistics of surprisal and the response variables,
see ?? for the correlation results, and see ?? and ?? for the linear regression
results. Below, we discuss these results and the scatter plots of the data with
relation to the research questions posed.

RQ1: How well does information theory’s surprisal, as measured by a
statistical language model, align with perceived surprisal?

A: Surprisal judgement differs substantially even between humans. Sta-
tistical models differ even more, with even less correlation.

Hypothesis 1.1 In Table 6 and Table 7 we see that both ‘human versus human’
and ‘human versus machine’ ratings show little agreement with how surprising
the issues are. Given that the agreement between the human ratings is moderate
but not low, we use the ratings of the first author when comparing against
the machine ratings, since the difference is not too great. There is evidently
more agreement between humans, including noticeably more in the binary
decision, however, this is informed by a much smaller sample size of 50 out of
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Table 3 Correlation values from the Kendall Rank Correlation test, between the predictor
variable and each of the response variables, differentiating Issues and Pull Requests separately
to show the minor differences.

table]tab:correlationTable

All Issues Kendall

tau B p

reopenings −0.0355 1.50e−129

unique participants −0.0696 0.00

interactions −0.0801 0.00

open duration 0.0333 4.07e−169

reactions 0.0198 2.41e−42

label priority −0.0678 1.01e−13

mentions in releases 0.0196 4.83e−41

Only Pull Requests Kendall

tau B p

reopenings −0.0166 9.61e−17

unique participants 0.0172 1.85e−21

interactions −0.0005 7.41e−1

open duration 0.0649 0.00

reactions 0.0514 2.24e−148

resolution priority −0.0696 0.0

label priority 0.1607 2.73e−7

mentions in releases 0.0181 4.99e−20

Table 4 ANOVA values from the linear regression, principally used for the F-test result
showing the high independence of response variables.

table]tab:regression

Model Sum of Squares df Mean Square F p

H1 Regression 21768.255 4 5442.064 395.294 < .001

Residual 4.245e6 308370 13.767

Total 4.267e6 308374

328 samples. The correlations show similar disagreement in Table 8 where the
‘human versus human’ comparison shows a stronger positive correlation than
that of the ‘human versus machine’ comparison.

RQ2: Is there a correlation between the surprisal of issues and the
difficulty of their resolution?

A: From the analysis, we have observed that there is no correlation
between surprisal and difficulty. Not according to the metrics used, or
how we have decided to measure difficulty.
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Table 5 Collinearity coefficient estimation results from the linear regression, showing low
VIF (near 1) values displaying a low dependence between response variables.

table]tab:coefficients

Collinearity Statistics

Model b Std. Err. b* t p Tolerance VIF

H0 (Intercept) 22.801 0.007 3403.760 < .001

H1 (Intercept) 22.871 0.010 2274.194 < .001

reopenings −0.573 0.028 −0.038 −20.748 < .001 0.973 1.028

unique participants −0.036 0.003 −0.023 −11.531 < .001 0.782 1.279

interactions −0.002 4.757e−4 −0.007 −3.396 < .001 0.786 1.273

open duration 1.159e−8 3.662e−10 0.057 31.650 < .001 0.987 1.013

b: unstandardised regression coefficient
b*: standardised regression coefficient

Table 6 Rater agreement coefficients of ‘human versus human’ ratings.

95% CI

Reliability Test Degree Coefficient SE Lower Upper

Cohen’s Unweighted Kappa 4 0.310 0.105 0.105 0.515

binary 0.582 0.130 0.327 0.836

Fleiss’ Kappa Overall 4 0.306 0.091 0.127 0.485

binary 0.578 0.144 0.295 0.861

Krippendorff’s Alpha 4 0.313 0.109 0.091 0.508

binary 0.582 0.139 0.286 0.819

Table 7 Rater agreement coefficients of ‘human versus machine’ ratings.

95% CI

Reliability Test Degree Coefficient SE Lower Upper

Cohen’s Unweighted Kappa 4 −0.027 0.021 −0.068 0.015

binary 0.023 0.038 −0.052 0.099

Fleiss’ Kappa Overall 4 −0.185 0.038 −0.260 −0.110

binary −0.219 0.066 −0.347 −0.091

Krippendorff’s Alpha 4 −0.360 0.053 −0.460 −0.254

binary −0.216 0.066 −0.348 −0.088

Table 8 Correlation coefficients in the comparison of ‘human versus human’ surprisal ratings
and ‘human versus machine’ ratings. Both show relatively low correlation across the board.

Kendall

Ratings Degrees n tau B p

human - human 4 50 0.432 < .001

human - human binary 50 0.595 < .001

machine - human 4 328 0.168 < .001

machine - human binary 328 −0.117 0.029
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Hypothesis 2.1 By comparing the surprisal value of an issue’s description
with the number of re-openings of the issue, we find that there is no cor-
relation. By looking at the scatter plot of the results (??), it can be seen
that there are signs that the hypothesis could be true, as we see a rightward
skew where higher surprisal values do correspond to more re-openings. For
example, we see that issues with two or three re-openings are much more likely
to be in the top half of surprisal values. These glimpses of the hypothesis
are, however, entirely dominated by the sheer volume of issues with zero to
one re-openings that are spread evenly through the spectrum of surprisal values.

Hypothesis 2.2 By comparing the surprisal value of an issue’s description
with the number of unique participants of the issue, we find that there is a
very weak negative correlation. In the scatter plot (??) we can also see the
artifacts resultant of the training data. Repositories that ask users to submit
their issues following a project-specified issue template; repositories that are
less popular or have less activity have made an outlying spur on the left side
of the graph. This dense area could indicate that issues following templates,
by nature less surprising, may get resolved with less discourse because they
are better defined in the first place. To confirm this, it would be valuable
to look at a combination of number of unique participants and open dura-
tion for closed issues only, accounting for relative popularities of the repositories.

Hypothesis 2.3 When comparing the surprisal value of an issue’s description
with the number of total participant interactions with an issue, we find that
there is a negligible negative correlation. Similarly to the correlation of unique
participants, we can see artifacts of the training data in ??. Participants are
less likely to interact with the least and most surprising issues, and this could
be for many reasons. Less surprising issues may not warrant much effort to fix,
and highly surprising issues may actually dissuade potential participants from
becoming involved.

Hypothesis 2.4 When comparing the surprisal value of an issue’s description
with the time taken to resolve an issue, specifically only within the context
of the repository where that issue is from, we find that there is a very weak
positive correlation, if any at all. This time, in ??, we can clearly see some
defined lines of similar and templated issues of low surprisal. However, the
density of the figure obscures any patterns emerging in the higher surprisal
ranges.

Hypothesis 2.5 By undertaking a multiple linear regression with the four
previous response variables, we find that there is no indication that one of
the variables wholly or significantly contributes to the difficulty of an issue,
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as measured by its surprisal. This is confounded by the fact that no variables
seem to contribute much at all. As seen in the output of the linear regression
in ?? and ??, we can see that the F-test shows that the means of the response
variables significantly differ and we can reject the hypothesis that they are
equal, and the Variance Inflation Factor is quite low, showing that each of
these variables has an independent effect on surprisal.

Fig. 3 Number of times an issue is reopened. The majority of issues are never reopened.

figure]fig:reopenings

RQ3: Is there a correlation between the surprisal of pull requests and
the difficulty of their resolution?

A: We have observed no correlation between surprisal of pull requests
and difficulty. The data does not support any difference of correlation
between surprisal and difficulty for pull requests when compared to issues.
See RQ2 above.

Hypotheses 3.1–3.5 Despite the difference of information contained between
issues and pull requests, there is no evidence to suggest a deviation from the
same conclusions. There is little to no difference in the correlations when we
separate pull requests from all issues. For hypotheses 3.2 and 3.3, concerning
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Fig. 4 Number of unique participants recorded interacting with an issue, showing distinct
groupings within repositories.

figure]fig:uniqueparticipants

the amount of discussion with unique participants and interactions, we can see
that there is an inversion of the correlation. Both the value for all issues and
the value for pull requests only are so small, less than 10−20, the difference is
truly negligible.

RQ4: Is there a correlation between the surprisal of issues and their
perceived importance?

A: There is little evidence to suggest that surprisal is correlated with
the perceived importance of issues. Not for how we defined perceived
importance, evidently.

Hypothesis 4.1 By comparing the surprisal value of an issue’s description with
how many times that issue is referred to by issue number in release notes, we
find that there is essentially no correlation. This can be seen in ??. In total,
less than 6% of issues are ever mentioned in release notes, from quantitative
observation this is likely because not many repositories use release notes as a
way to document per-issue changes, but instead summarise or entirely neglect
to mention the issues changed.
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Fig. 5 Number of interactions from any user. There is one outlier value omitted of 5913

figure]fig:interactions

Hypothesis 4.2 By comparing the surprisal value of an issue’s description with
the order with which the issue is resolved by the resolver, we find that there is
once again very little evidence of a correlation. In ?? we do see a clustering
of high-surprisal issues being resolved first (rank 0), but equally, many high-
surprisal issues are resolved with very little priority. The distribution is spread
greater amongst the whole graph, though, showing that surprisal does not have
much impact on resolution priority.

Hypothesis 4.3 When comparing the surprisal value of an issue’s description
with the number of GitHub reactions that the issue gathers, we find that there
is no correlation. In total, less than 7% of issues have any reactions. It could
be that the feature is not useful to users, as the feature is as old as 2016. The
scatter plot (??) shows this overwhelming majority of issues distributed across
the x-axis.

Hypothesis 4.4 When comparing the surprisal value of an issue’s description
with the labels that the issue gathers, we find that there is no correlation
either. We also find that less than 2% of issues have labels pertaining to their
perceived priority or importance. In ?? below, high priority labelled issues are
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Fig. 6 Duration that an issue is open, from creation to final closing, in seconds.

figure]fig:openduration

represented as having a label priority value of 1.0, medium priority are 0.0,
and low priority are −1.0.

RQ5: Is there a correlation between the surprisal of pull requests and
their perceived importance?

A: There is little evidence to suggest that surprisal is correlated with the
perceived importance of pull requests. The data does not support any
difference of correlation between surprisal and perceived importance for
pull requests when compared to issues. See RQ4 above.

Hypotheses 5.1–5.4 Despite the difference of information contained between
issues and pull requests, we can be almost certain of the same conclusions.
There is little to no difference in the correlations when we separate pull requests
from all issues.
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Fig. 7 Issues that gain mentions in release notes, and how many times they are mentioned.

figure]fig:mentionsinreleases

8 Discussion

In this section, we discuss the observed results, discuss deviations from the
previously approved study protocol, as well as threats that could affect the
validity of our work.

8.1 Perceived Surprisal

Research Question 1 concerns the link between the information theoretical
measurement of surprisal, versus the human perception of surprisal. During
the experiment we had the opportunity to compare sets of two human ratings
of sample issues and the machine-calculated ratings. It is clear from the data,
which shows very little agreement between any of the raters, that surprisal
is a very subjective and potentially difficult metric with which to rate issues.
Given that this is only based on a single repository, know that these results
have a limited ability to generalise. To obtain a fairer judgement of perceived
surprisal versus statistical surprisal, increasing the number of repositories in
the experiment and asking the developers with in-depth knowledge of the
repositories to rate the surprisal would increase the reliability of conclusions
generated from the experiment.
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Fig. 8 Resolution priority of issues after breaks. Developers with many resolved issues and
therefore many breaks between issues can support higher ranked issues due to how many
issues have been resolved.

figure]fig:resolutionpriority

8.1.1 Human Agreement

The subjectivity was certainly shown when the initial ratings were discussed
by the raters. Both raters had different ideas as to how the data should be
approached, which types of information should be included in the rating, and
how to organise the information. It was then necessary to debrief the raters
on what disagreements arose, to ensure that the process was being followed
correctly, and that disagreements were accurate.

An example of an issue which showed the most disagreement is shown in
??. The disagreement between the raters is moderate, one rating it “surprising”
and the other rating it “very unsurprising”. When asked later, the first author
explains a “surprising” level of surprise due to the concept of ‘focus’ not
appearing elsewhere in the samples, and the inclusion of system information
not found in other issues, notably the “A/B Experiments” section. The second
author observes that the issue follows a very structured format, which appears
commonly through the repository, and that the nature of the issue concerns an
incidental problem to be expected from software citing a posteriori knowledge.

As the results section mentions, while the case of the 4-degree rating showed
a lot of disagreement, there does seem to be more consensus on what is or
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Fig. 9 Number of reactions each issue has received. Typically, issues receive 0 reactions.

figure]fig:reactions

Fig. 10 Left: Plot showing the corresponding numeric values for the normalised label
priorities, where −1 is low-priority, up to 1, which is high priority. Right: Table showing the
total number of issues counted that have the corresponding priority label.

figure]fig:labelpriority

label priority issues

high 15772

medium 10791

low 32911

is not a surprising issue in the binary decision case. This may suggest that
the fine measurement of surprise is difficult for humans, but the broad, coarse
decision of whether it is—or is not surprising—is perhaps less subjective.
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8.1.2 Model Agreement

An even greater difference in agreement occurs between the human and machine
ratings of surprisal. We speculate that this happens for a couple of reasons
discussed below.

Firstly, although the average surprisal of all words in an issue is considered
during the evaluation of an issue, it is quite easy for the rating to be artificially
inflated by the occurrence of a unique word, whose meaning or synonyms are
much more common. This is most notable when the issue is short, and as a
result, the overall average is more strongly affected by any outliers. An example
of a relatively benign issue that is machine-rated as ‘very surprising’ is found
in ??.

Sanitising the text to extract tokens that are easily processed is a challenge
without being able to account for all different ways that issue authors might
lay their text out, their code, images or link references. It is almost certain
that the text processing that was performed was unable to accurately provide
100% clean tokens to the model. In this case, some issues will show artificially
inflated surprisal ratings too.

Secondly, this is a difficult task for humans, which is otherwise a straight-
forward calculation for a computer. To accurately rate whether an issue looks
similar to 328 other issues, the participant is required to keep an idea of those
328 issues in memory. Familiarity with these issues can help with this, but
increasing the number of issues to 10,000 which is below the maximum number
of issues several repositories showed, and far below the total number of issues
analysed, this becomes impossible. Reading and rating 328 issues also induce
fatigue in human participants, which could definitely affect the accuracy of the
ratings made as fatigue builds.

In summary, humans and machines look for different things when looking
for surprisal, as evidenced by the disagreement between human ratings and
approach to the task. If human participants have little agreement, the machine-
calculated values might agree with one participant, but necessarily this does
not agree with the other. The meaning behind the words is arguably more
important than the words that are used, and while humans can easily process
this compared to machines, understanding of words is far beyond the capabilities
of this simple statistical language model. This suggests that a more robust
model of the English language and a data representation to match may be able
to increase the agreement between human and machine.

8.2 Deviations

Throughout the study, several deviations from the originally outlined protocol in
the registered report were observed. While these alterations were primarily made
for practical reasons, they were not subject to the peer review process. Below,
we provide a comprehensive list of these deviations to ensure transparency:



The Role of Surprisal in Issue Trackers 31

– Omission of Model Smoothing: The original plan was to include a
smoothing step in our statistical language model, with the goal of more
accurately capturing the nuances of the GitHub issues corpus. We decided
to not perform smoothing on the language model, which may result in model
inaccuracies. However, as suggested by Chen and Goodman’s comparison
of smoothing techniques [13], larger models benefit less from smoothing.
Given our relatively large training set, which contained no unknown tokens,
the impact of this omission should be minimal.

– Absence of Word Token Stemming: To enhance the model’s accuracy,
we intended to implement word token stemming to abstract certain words
to their core concepts. Unfortunately, this step was not carried out. We
anticipate that this would have only marginally affected the surprisal values
of many issues and would not have significantly influenced the observed
correlations. Stemming typically reduces the surprisal values of issues, but
due to time constraints and a lack of effective tools to handle the specific
lexicon used in issues, we opted against it.

– Inclusion of Non-English Repositories: We initially decided to focus
solely on English-language GitHub repositories to simplify the required
data processing. This was intended to be performed using the G-Repo tool.
However, due to a misunderstanding of its functionality, some non-English
repositories were included in the data set. This could potentially inflate
their surprisal values, as they are uncommon in a predominantly English
data set.

– Inappropriateness of Shapiro-Wilk Test: The decision to use the
Shapiro-Wilk test for checking data normality has been reassessed, given
its known limitations for sample sizes greater than 5,000 [65].

8.3 Threats to Validity

This section outlines potential threats to the validity of our study. The external
threats primarily include sample size and lack of model smoothing. The number
of repositories and issues analysed, which is considered as the sample size,
may pose a challenge to the validity of the experiment. With greater time and
resources to spend, this limit could be increased.

Threats to the construct validity of our work encompass proxies for difficulty
and perceived importance, repeatability, and reaction feature limitation. The
measures used for difficulty and perceived importance were the best substitutes
we considered, but this does not imply they were the optimal choices. These
measures likely capture only some aspects of difficulty and perceived importance.
Unseen influences associated with the chosen response variables could exist.
Therefore, we represent the correlations as a general indication of difficulty
and perceived importance, agreed upon by the researchers and independent
reviewers. This is one assumption made in our experimental design. There are
several reasons beyond surprisal that influence each of the response variables.
These may dominate the effect of any influence that surprisal has. Assessing
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correlation is most accurately achieved when the variables are independent
of one another and unburdened by confounding factors. Without in-depth
knowledge of how each repository’s development is undertaken, it is impossible
to fully know the extent of these, but some to consider include the following:
some repositories will open new issues instead of reopening old issues; issue
open duration varies widely due to non-development reasons; some repositories
mention all issues resolved in their release notes in contrast to those that
mention none; and order of address is largely dependent on the developers who
may just instead pick the quickest or easiest issues all the time.

As much as the data used in the study affects the results, the data excluded
might do so too. Particularly in the data gathering and pre-processing steps,
potentially significant pieces of an issue can be lost. Of the information removed,
the two most important pieces are the code snippets and images present in
an issue. Both have the potential to represent information that is harder to
represent or rarely represented in natural text. The reason for removing these
is that it would be infeasible to represent this data in a way the SLM is able to
interpret or provide useful calculations of surprisal for. Its exclusion represents
information and therefore potential surprisal lost.

The accuracy with which the authors are able to rate the surprisal of issues
within a repository is questionable without further research. While both raters
felt confident doing so after reading through a sample of issues, a developer
with more intimate knowledge of the entire set of issues from a repository
may achieve better accuracy. A study involving the developers of repositories
with several developers would be able to better inform whether this is the case
or not. If developers are more accurate raters of surprisal, it would give an
indication of the limits of human ratings of surprisal versus computed ratings.

Additionally, our study is impacted by repeatability concerns. GitHub is
a dynamic data source. While some data types, such as git commits or issue
events, can be filtered by time, others, like reactions and repository deletions,
cannot. The implementation developed for extracting the response variable
values was not coded with a time filter. This means that results could vary
slightly or even significantly, depending on when the experiment is run.

Lastly, the reaction feature on GitHub was introduced in March 2016.
Approximately 460,000 out of the around 2,000,000 issues in our data set
were created before this date. Although these issues could receive reactions
post-introduction, it does limit the total number of samples contributing to
the analysis of reaction correlation.

9 Related Work

Shannon entropy, the basis for surprisal and other information science analysis,
was first conceived in Claude Shannon’s seminal work on information theory
describing radio signals and their ability to communicate information [53]. Since
then it has influenced many people and work in fields abroad of mathematics.
One of Shannon’s contemporaries, R. Fano shared Shannon’s interest in this field
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and wrote his own papers extending the field further. Cross entropy, as defined
by Fano [19] currently dominates usage in the evaluation and optimisation of
many language models, some large language models (LLMs), some statistical
language models, but mostly neural language models. These problems are
usually structured as optimisation problems, and traditional optimisation will
use cross-entropy methods too [16].

Surprisal, a component of cross-entropy, has had a large impact in the
domain of natural language. Specifically in psycho-linguistics where surprisal
has predicted cognitive load [27], comprehension [42], and reading speed [20].
Analysis is typically the use case for surprisal even outside of natural language,
but it has also seen use in novel generative works such as pun-generation [29,
34].

This study was directly inspired by the recent work on applying natural
language techniques to software engineering data [30]. The study from Hindle et.
al. presents a direction in applying techniques used in natural language to other
constructed languages such as program code, whilst evaluating cross-project
and cross-domain application.

Some defects in software can be seen as a direct consequence of difficulty.
Automated defect prediction is a potentially very useful tool in software
development that could save time and money for software companies. One
paper directly inspired by the same study from Hindle et. al. was that of Wang
et. al. which looked at applying surprisal, measured by a statistical language
model (n-grams), to source code to detect defects [62]. Another study looking
at defect prediction using n-grams that may have had independent inspiration
was that of Y. Pang, X. Xue, and A.S. Namin [47]. As a summary of the work
that followed this line of inquiry, a comprehensive analysis of surprisal as a
defect-predictor was conducted by Ray et. al. [48], and a field summary has
been provided by Allamanis et. al. [3].

Several authors have seen a problem in the current open-source software
development landscape, where issue reports are bombarding developers who
often cannot keep up and must resort to prioritising and backlogging tasks until
they can address them. A large focus of software engineering research is going
towards automatically prioritising issues, as the systematic literature review
of Pone et. al. [9] argues. Many of the studies doing so use natural language
processing as a means of prediction. One study using nine machine learning
models is that of Shafiq et. al. [52], and studies using sentiment analysis instead
are numerous [59,31,55]. The motivations present in our paper, of assisting
developers overwhelmed with issues, are shared by other authors. There are
several that have decided that new tooling is the way forward, and to increase
“situational awareness” they create views of the software development from the
information present in issue trackers [4,5,15].

There is one paper [38] from Kumari and Singh that shares many of the the-
oretical aspects and motivations as our paper. Both papers look at transforming
the information mined from issue trackers from an entropy standpoint, and
although the end products are different, they both intend to help developers
with information overload and situational awareness. Kumari and Singh’s paper
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appears to use “näıve Bayes (NB) and Deep Learning (DL) using entropy based
measures for bug priority prediction” and show promising results that the
classifiers trained on issues labelled with their priority and modified by their
issue description entropy can predict an unknown bug’s priority. This study
does suffer from unclear experimental methods, very little rationalisation for
design decisions, and only a single repository (OpenOffice) as input data.

The significance of our paper is that we present the first analysis of the
consequences of surprisal in issue trackers. We describe how it relates to human
perception of surprisal and how it may steer ‘intuitive’ prioritisation. We also
combine the previous work in psycho-linguistics that shows decreased reading
comprehension correlating to surprisal with the difficulty of resolving issues
that contain surprising descriptions. Additionally, we look at how important
surprising issues are, in an effort to determine if they should be foremost
presented to developers looking for greater situational awareness of the devel-
opment process. The results of this study suggest that when mining software
repositories, the surprisal represented in issues is not useful in determining or
assisting the development process.

10 Implications

In this section, we summarize the main motivation, contribution, and key
findings of our work along with the implications that our work has for guiding
future research.

Main Contribution: Motivated by the need for developers to stay informed
about unexpected or unusual events in software projects [58], this work con-
ceptualizes ‘surprisal’ in the context of software development and investigates
whether it aligns with traditional information theory, specifically through
experiments on issue tracking data.

Key Finding: The study finds that surprisal, as conceptualized, does not
strongly align with key information-theoretic predictions, particularly in the
context of difficulty and importance of issues in software development.

Implications: The results of this study suggest that surprisal is not an effective
metric with which to rate the difficulty or importance of issues in issue trackers.
While surprisal may still indicate anomalies, the consequences of these are not
represented by the metrics we test against. Surprisal analysis may yet still
provide a useful technique for issue tracker mining in three typical use cases,
issue quality analysis, discussion analysis, and structure analysis [46], §3, but
perhaps not with statistical language models.

Since the motivation for the work has not changed, future work should
focus on refining how surprisal is calculated in an automated way. We outline
several specific directions:
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– Beyond Issue Titles and Descriptions: Future research should move beyond
analyzing just issue titles and descriptions. This study shows that surprisal,
when applied to these unstructured textual elements, does not strongly
correlate with issue difficulty or importance. Future work could build on prior
studies like Treude, Figueira Filho, and Kulesza’s work [58], which focused on
issue metrics such as the number of comments or labels, without considering
the content of the issues themselves. Combining surprisal with these metrics
may yield a more effective model for predicting issue prioritization and
developer awareness.

– Incorporating Code and Other Structured Data: Since textual surprisal
alone is insufficient, future work should explore surprisal metrics based on
structured data such as code changes in pull requests, diffs, or commits.
Examining how surprising code changes influence developer workflows or
the overall health of a repository could extend this research.

– Inclusion of Visual and Multimodal Data: Issues frequently include images,
diagrams, or log files, which were not considered in this study. Future models
could integrate these forms of multimodal data to better predict developer
surprise and issue difficulty, making surprisal metrics more accurate and
reflective of real-world issue resolution processes.

– Context-Aware Surprisal Models: Developers rely heavily on context, such
as prior issues, commit histories, and project timelines, when assessing
issues. Future work could explore how surprisal metrics might improve by
incorporating this historical context, allowing models to detect patterns or
anomalies over time rather than treating each issue in isolation.

– Cross-Project and Longitudinal Studies: Expanding surprisal research to
multiple repositories and over extended periods could reveal how surprisal
evolves within and across projects. A cross-project analysis would help
determine whether surprisal can be generalized across different types of
software projects or if it is more applicable in certain domains.

– Surprisal and Developer Expertise: This study treated surprisal uniformly
across different types of developers. Future research should consider how
developer expertise or familiarity with a project affects their perception of
surprising issues. Tailoring surprisal metrics based on developer experience
could provide more actionable and context-sensitive insights.

– Surprisal and Developer Comprehension: Surprising issue descriptions can
negatively affect comprehension, aligning with previous research in psycho-
linguistics [27,42,20]. Future work could explore how surprisal impacts
the cognitive load of developers when processing issue descriptions, which
could have implications for designing issue tracking systems and writing
guidelines to improve clarity and ease of understanding.

11 Conclusion

In this study, we have explored the statistical relationships between the surprisal
of issues and pull requests in software repositories and its correlation with
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events a developer would want to be aware of. To measure such events, we have
used two sets of proxies: resolution difficulty and perceived importance. Our
resolution difficulty proxy combines reopening count, count of posts discussing
the issue/PR, and time to resolution. Our perceived importance proxy combines
mention in release notes, speed to address the issue/PR, number of GitHub
reactions, and the assignment of high priority labels to the issue/PR.

We hypothesized that issues and pull requests with higher surprisal would be
correlated with greater difficulty and higher perceived importance, under these
proxies. However, our results did not support these hypotheses. Despite the
hints of potential correlations suggested, we did not find significant correlations
using our proxies. Better proxies and other events, like edits to documentation,
requirements, or specification, will need to be explored to definitively confirm
or confute this work’s central hypothesis.
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Fig. 11 An example of a Github issue from the manual rating set that showed a large
amount of disagreement between the human raters. [21]
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Fig. 12 An example of a Github issue where the machine rating of high surprisal is from
unusual, but insignificant words. [22]
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