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ABSTRACT
Continuous Integration (CI) build failures could significantly impact

the software development process and teams, such as delaying the

release of new features and reducing developers’ productivity. In

this work, we report on an empirical study that investigates CI

build failures throughout product development at Atlassian. Our

quantitative analysis found that the repository dimension is the

key factor influencing CI build failures. In addition, our qualitative

survey revealed that Atlassian developers perceive CI build failures

as challenging issues in practice. Furthermore, we found that the

CI build prediction can not only provide proactive insight into CI

build failures but also facilitate the team’s decision-making. Our

study sheds light on the challenges and expectations involved in

integrating CI build prediction tools into the Bitbucket environment,

providing valuable insights for enhancing CI processes.
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1 INTRODUCTION
Continuous integration (CI) is a software development practice

where developers frequently merge their code into a shared repos-

itory [7, 38]. Each integration undergoes a verification process

through an automated build, including code dependency installa-

tion, code compilation, and test case execution. The benefits of CI

for software organizations are substantial; e.g., it enables earlier and

faster identification and resolution of integration errors [38], en-

hances developer productivity [16], improves product quality [48]

and reduces development and delivery time [54].

Despite these advantages, CI comes with its own challenges. At

Atlassian, one of the challenges is to reduce CI build failures on

the main branch. CI build failures on the main branch could signifi-

cantly impact the software development process and development

teams. For example, they could delay rollouts of new features or

security patches, require rollbacks to fix the issues, and hamper

the productivity of software engineers [3]. From 2021 to 2023, we

observed that failed CI builds on the main branch resulted in an

average of 120 hours of wasted build time per project per year in

the studied Atlassian’s projects. Such disruptions not only prevent

developers from proceeding further with the development but also

incur a high cost for organizations to rectify. Therefore, this chal-

lenge necessitates a thorough investigation of the CI build failures

at Atlassian.

To mitigate CI build failures, various CI build prediction tech-

niques [9, 23, 35–37, 52] have been developed to preemptively detect

states in the CI process that are likely to cause build failures. This

enables developers to take the necessary actions and avoid these

failures. However, despite the availability of these techniques, there

still remain gaps between industry and research. First, prior stud-

ies are based on open-source projects, which may not generalize

to the industrial context with different scales. In addition, while
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explainability is an important aspect of their adoption by develop-

ers [18, 19, 31, 43, 44, 46], little is known how developers perceive

about the CI build failure predictions and their explanations.

In our study, we conducted empirical studies to investigate the

factors that are associated with CI build failures and practitioners’

perceptions of utilizing CI build predictions at Atlassian. Specif-

ically, we analyzed 350,037 pull requests from 1,630 projects at

Atlassian and investigated 11 factors that are possibly associated

with CI build failures. We then conducted a survey study to gain a

better understanding of the adoption of CI build failure predictions.

The survey had 53 respondents (i.e., Atlassian practitioners who

participated). We answered four research questions below:

RQ1) What are the most important factors associated with
CI Build Failures at Atlassian?
We found that factors in the repository dimension (e.g., the

ratio of the builds that failed out of the recent five builds

of the repository and the ratio of all historical builds of

the repository that failed) play the most important role in

influencing CI build outcomes.

RQ2) What are practitioners’ perceptions about CI build fail-
ures?
From the respondents’ perspective, while CI build failures

could impact the development process and productivity of

the team, they could also provide the opportunity for devel-

opers to learn from build failures and avoid more serious

issues in the future.

RQ3) What are practitioners’ perceptions on the usefulness
of CI build prediction?
Respondents perceived that CI build predictions could pro-

vide proactive insight and aid in the team’s decision-making.

However, they noted several challenges that need to be ad-

dressed before adopting the predictions in practice, such as

the potential for developers’ over-reliance on them.

RQ4) What are practitioners’ perceptions on the explana-
tions and suggestions of CI build prediction?
Respondents agreed with explanations and suggestions

based on the percentage of current changed files that were

involved in the previous failed builds and the number of

changed files. Developers pointed out that the explanations

and suggestions for the related factors could help developers

understand CI build failure. However, they also mentioned

that the explanations and suggestions should be optimized

to fit the context of development scenarios.

Our study sheds light on the challenges and expectations in-

volved in integrating CI build prediction tools, providing valuable

insights for enhancing CI processes.

2 THE CI BUILD PROCESS AT ATLASSIAN
At Atlassian, developers use Bitbucket

1
for code review and the

Continuous Integration (CI) workflow. Initially, a developer sub-

mits code changes through a pull request (PR), followed by a code

review process to check the quality of code changes. During this

process, the developer scrutinizes and improves the code based on

the feedback from reviewers. Once reviewers approve the PR, it

will proceed to the CI build process.

1
https://bitbucket.org/product

However, the CI build of the PR may fail even if it is carefully

reviewed. The build failure could significantly impact the software

development process at Atlassian. To mitigate such a problem, prior

studies proposed various CI build prediction techniques to early

predict the build outcomes (see Figure 1). If the predictions can

early indicate that the build will fail, developers can examine the

PR again before sending it to the CI process. This enables developers

to take the necessary actions to avoid potential CI build failures. If

the predictions indicate that the build will succeed, the PR will be

delivered to the CI build process and merged into the main branch

of the code repository.

In this work, the close integration of Atlassian’s development

teams with Bitbucket gives the opportunity to investigate the CI

build processes in situ and gain insights into developers’ perceptions
and expectations if integrating CI build predictions into Bitbucket.

CI build
prediction tool

Code review
processCode changes

Developer

Success

CI build

Fail

Pull request

Reviewer

Merge into
master branch

Bitbucket

Figure 1: The potential usage scenario of the CI build predic-
tions within the CI build process at Atlassian.

3 RESEARCH METHODOLOGY
In this section, we present the research methodology for our em-

pirical study.

3.1 Research Questions
We present the motivation for our research questions below:

RQ1) What are the most important factors associated with
CI Build Failures at Atlassian?
While previous studies looked into the effect of a variety

of factors that influence CI build failures in open source

projects [9, 35, 37], there is a lack of understanding of factors

that impact CI build failures in industry contexts. Our study

aims to bridge this gap by conducting a quantitative analysis

of factors affecting CI build failures at Atlassian.

RQ2) What are practitioners’ perceptions about CI build fail-
ures?
The CI build process is typically time and resource-

consuming, as running failed builds can take hours until

discovering the breakage. Prior studies [9, 15, 16, 36] found

that CI build failures may cause disruptions in the devel-

opment process and delays in the product release dates in

the context of open-source projects. This RQ seeks to under-

stand the impact of CI build failures at Atlassian from the

developers’ perspective through a survey.

RQ3) What are practitioners’ perceptions on the usefulness
of CI build prediction?
To adopt the CI build prediction in practice, it is necessary to

understand developers’ attitudes towards integrating such

technique into their routine workflows. This RQ focuses on
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understanding developers’ perceptions of the utility of the

CI build prediction in practice.

RQ4) What are practitioners’ perceptions on the explana-
tions and suggestions of CI build prediction?
The effectiveness of CI build prediction hinges on their abil-

ity to provide insightful explanations and suggestions [18,

19, 43]. Both explanations and suggestions are vital in help-

ing developers understand and mitigate factors leading to CI

build failures. We set out this RQ to understand the develop-

ers’ perception of factors influencing the CI build outcome,

along with their views on the effectiveness of the explana-

tions and suggestions.

3.2 Studied Dataset
To address our research questions, we conducted an empirical study

on Atlassian’s internal software projects. These projects are cre-

ated by Atlassian development teams (not Atlassian’s customers).

In these projects, Atlassian developers employ a workflow that

streamlines the integration of new code changes (see Section 2).

The data relating to this workflow is collected by Atlassian teams

and stored in a database for in-depth data analysis.

To perform our empirical study, we prepare our data from Atlas-

sian’s database, as described below.

Selecting Data. To identify the studied projects, we used two

following criteria:

• Criterion 1: Perform a Pull Request Process. Since the
pull request process plays a vital part in the CI build process,

we select the projects that apply pull requests.

• Criterion 2: Conduct a CI Build Process. Since the paper
aims to investigate the CI build, we focus on the projects

that conduct the CI build process.

For Criterion 1, we identify the usage of the pull request process

in projects by checking if a project includes at least one PR. For

Criterion 2, we filter out projects that do not incorporate CI builds

to integrate code changes, and include only projects that have at

least one CI build record.

Data Cleaning. After selecting the projects, we cleaned the data to
ensure the accuracy of the study results. We first excluded the builds

that are not triggered on the main branch. Then, we performed the

following steps for data cleaning.

• Excluding incomplete PRs. We exclude the incomplete

PRs (i.e., marked as open) since the PRs may still be ongoing

and it is likely that they will keep changing after the data

collection time. Hence, we only consider closed PRs.

• Excluding incomplete builds.We consider the builds to

be incomplete based on two criteria. First, we consider builds

without CI build completion time as incomplete builds and

exclude them from this study. Second, there are four types of

CI build status in the studied dataset: passed, failed, errored,

and canceled. A canceled build status denotes that the build

process was interrupted. We exclude canceled builds as they

are also incomplete builds. Then, similarly to a previous

study [14], we consider builds with passed build status as

successful builds and buildswith failed or errored build status

as failed builds.

Table 1: An overview of studied factors.

Factor Description
PR Dimension
changes_num The number of changed files in the PR.

comment_num The number of review comments during the code

review process of the PR.

reviewer_num The number of reviewers who have participated in

the code review process of the PR.

wait_time_to_review The duration in minutes from when the PR was

opened to when it was reviewed.

reviewing_time The duration in minutes from the opening of the

PR to its closure.

per_failed_file The ratio of changed files in the PR that were in-

volved in the past failed builds.

Repository Dimension
repo_prev_build The build status of the previous build of the reposi-

tory.

repo_rec_build The ratio of the builds that failed out of the recent

five builds of the repository.

repo_hist_build The ratio of all historical builds of the repository

that failed.

Contributor Dimension
team_num The number of teams that made contributions to

the PR.

team_member_num The number of members in the PR author’s team.

Dataset. We collected the data of PRs merged into the main branch

between January 1, 2021, and September 1, 2023. After applying the

aforementioned inclusion/exclusion criteria to the data, our dataset

consists of a total of 350,037 PRs from 1,630 Atlassian projects.

3.3 Explanatory Factors
Previous works suggest a set of different factors affecting CI build

outcomes [9, 34, 35, 52]. Motivated by these works, we derive ex-

planatory factors from our dataset. Table 1 shows the factors we

consider in our study and their corresponding descriptions. We

categorize our factors into three dimensions: (1) PR dimension,

focusing on the attributes of the PR, (2) Repository dimension, cap-

turing information from previous builds in the repository, and (3)

Contributor dimension, measuring team engagement.

Note that the scope of data available for our study is constrained.

First, the data only contains PR level, repository level, and team-

related information. Secondly, to strictly comply with Atlassian’s

privacy policies, we are required to exclude any data, including

but not limited to personally identifiable data and user-generated

content to ensure the protection of sensitive information.

3.4 Data Analysis
Similarly to past studies [42, 47], we aim to understand the effect of

the selected factors on the CI build outcome of a PR at Atlassian. To

this end, we fit a Logistic Regression Model (LRM). LRM models are

commonly used to capture the relationship between the explanatory

variables (i.e., factors described in Table 1) and a response variable

(i.e., the CI build outcome). In our study, the response variable is

assigned the value of TRUE if a build fails, and FALSE otherwise.

Correlation & Redundancy Analysis. Highly correlated ex-

planatory variables can interfere with the results of model analysis.

We start by employing Spearman rank correlation tests (|𝜌 |) to
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Table 2: Survey questions (excluding demographics questions).

Item Question

The CI build failure (RQ2)
Q1† From your past experience, how challenging is it to resolve the CI build failures?

Q2* How does CI build failures impact yourself and the organization?

Q3⋄ In your own experience, why do CI builds fail when merging a PR into the main branch?

The CI build prediction (RQ3)
Q4*‡ Do you think the CI build prediction is useful?

Developers’ perception about factors (RQ4)

Q5-Q7*‡
‡

Assuming that a CI build prediction predicts a given build with a 90% risk of CI build failure, with

an explanation and a suggestion displayed in the UI. Do you agree with its explanation and suggestion?

Questions with asterisk* included an optional open-ended answer for response or further elaboration.

⋄: Multiple-selection question: □ Code issues, □ Failed tests, □Merge conflicts, □ Configuration errors, □ Dependency issues, □ Other (Open-end

option).

†: Likert scale of challenging: ⃝ Extremely challenging, ⃝ Very challenging, ⃝ Moderate, ⃝ Not very challenging, ⃝ Extremely not challenging.

‡: Likert scale of usefulness: ⃝ Extremely useful, ⃝ Somewhat useful, ⃝ Neutral, ⃝ Somewhat not useful,

⃝ Extremely not useful.

‡
‡
: Likert scale of agreement: ⃝ Strongly agree, ⃝ Agree, ⃝ Neutral, ⃝ Disagree, ⃝ Strongly disagree.

assess the correlation among these variables. As suggested by Hin-

kle et al. [17], a value of Spearman correlation coefficient greater

than 0.7 is indicative of strong correlations. Therefore, we set this

value as our threshold for identifying highly correlated explanatory

variables. Then, we use a variable clustering analysis technique [51]

to construct a hierarchical overview of the correlation. Within each

cluster where |𝜌 | > 0.7, we select one variable from the cluster for

building the model.

Additionally, explanatory variables are not highly correlated

but may still be redundant. Redundant variables in an explanatory

model can distort themodeled relationship between the explanatory

and response variables. To address this, we use the redun function

from the rms R package to detect redundant variables. We remove

the variables where the models fit with an 𝑅2 > 0.9.

Model Evaluation. To ensure our model can provide meaningful

and reliable results, we use the Area Under the Receiver Operating

Characteristic Curve (AUC) to assess its discriminative ability on

the response variable. An AUC value of 1 indicates strong discrimi-

native ability, i.e., perfect separation of the builds that fail and those

that do not, while an AUC value of 0.5 indicates that the model

does not discriminate better than random guessing. We perform

the optimism of the AUC using a bootstrap-derived approach [10]

to evaluate the reliability of the model. The smaller the average

optimism is, the more reliable the estimates of the fit are. We also

conduct 10-fold cross-validation experiments to mitigate the risk

of overfitting and ensure the model’s generalizability.

The Power of Explanatory Variables Estimation. Similar to

prior works [28, 47], we employ Wald statistics to estimate the

influence of each explanatory variable on the model. We use the

anova function in the rms R package to estimate the relative contri-

bution (Wald 𝜒2) and the statistical significance (𝑝-value) of each

explanatory variable in the model. A higher Wald 𝜒2 value denotes

a greater explanatory power of a particular explanatory variable

that contributes to the estimations of the model.

The Analysis of Variable Influence on the Response Variable.
To understand the relationships between explanatory variables and

the response variable, we use the odds ratio to estimate the partial

effect that explanatory variables have on the response variable. The

odds ratio indicates the likelihood of a build failing when the value

of an explanatory variable increases. Specifically, a larger odds ratio

suggests a larger partial effect of the explanatory variable on the

likelihood of build failures. We analyze the relative percentage that

the odds have changed corresponding to the changed value of the

explanatory variable while other explanatory variables are held

constant. A positive partial effect suggests a positive relationship

between the explanatory variable and the response variable (i.e.,

increases in the variable are associated with higher odds of CI build

failure). Conversely, a negative partial effect indicates a negative

relationship (i.e., increases in the variable are associated with lower

odds of CI build failure). The magnitude of a partial effect indicates

the degree towhich the odds value in ourmodel changes in response

to a variation in the explanatory variable.

3.5 Survey Design and Participants
Our online survey is tailored for developers engaged in CI-based

software development. The survey aims to understand Atlassian

developers’ work practices and their perceptions of the CI build

process. The survey begins with demographic questions aimed at

collecting general background information on participants and their

experience with the CI build process. We ask the participants about

their roles, work experience, the frequency with which they submit

pull requests, and how often they experience CI build failures. Ex-

cluding demographic questions, the survey consists of 7 questions:

Q1-Q3 investigate the impact and developers’ perceptions of CI

build failure; Q4 focuses on the developer’s perception of CI build

prediction; Q5-Q7 aims to understand the perception of developers

of factors influencing the outcome of the CI build failure (See Ta-

ble 2). The further details of Q5-Q7 are provided in Section 4. The

survey is designed to be completed within 10-15 minutes.

Acknowledging the ethical considerations highlighted by Baltes

et al. [4] regarding unsolicited emails to developers, we opt for a

more respectful approach to participant recruitment by sending

invitations to take our online survey through internal developer

discussion channels. The survey was open for one month, from

November 10 to December 8, 2023, and received 53 responses from

developers experienced in the CI build process.
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Respondent Demographics. The respondents are software en-

gineers (91%) and software engineering managers (7%). For the

experience in the IT industry of respondents , 33% of participants

had more than five years of experience, 59% of respondents had

one to five years, and 7% of respondents had less than one year.

In terms of the frequency of submitting PRs, 46% of respondents

have submitted PR more than once a day; 41% of the respondents

submitted PR once a day. The remaining respondents submitted PR

once a week. Regarding the frequency of respondents experiencing

CI build failures, 4% of respondents experienced failures in more

than 75% of PRs, 43% in 50%-75% of PRs, 37% in 25%-50% of PRs, and

16% of respondents experienced failures in less than 25% of PRs.

3.6 Card Sorting
For the analysis of open-ended survey responses, we employ a the-

matic analysis approach to ensure our analysis remains unbiased

and free from preconceptions about the responses. Therefore, simi-

lar to previous works [25, 26], we used an open coding approach

to identify themes and group the data. The first author split the 53

survey responses into isolated quotes (cards). Each card represents

a single statement distinct from other statements in a particular

response to a question. After that, two of the other authors inde-

pendently served as coders to manually label cards. They discuss

any uncertainties in the cards to share a common understanding of

the data. Finally, similar cards are merged into common themes for

further analysis.

4 RESULTS
In this section, we present the results of our quantitative and quali-

tative studies, and answer our research questions.

RQ1: What are the most important factors
associated with CI Build Failures at Atlassian?
To investigate which factors influence CI build failures, we perform

a quantitative analysis. Table 3 provides the descriptive statistics

of explanatory variables in the studied datasets. Before building a

model, we evaluate the correlation among explanatory variables

based on hierarchical clustering analysis. Then, we perform a re-

dundancy analysis to detect and remove the redundancy. We find

that there are no explanatory variables that are highly correlated

or redundant. Hence, we use all explanatory variables to construct

our models.

We build a Logistic Regression Model (LRM) to fit the explana-

tory variables. Our model achieves an AUC of 0.82. Moreover, the

optimism of AUC is very small (|𝑂𝑝𝑡𝑖𝑚𝑖𝑠𝑚 | = 2𝑒−5). This result
indicates that our model is stable and has a meaningful and robust

explanatory power. Table 4 shows the explanatory power (Wald

𝜒2 ) of our explanatory variables. The 𝜒2 statistic of each variable

shows the proportion of the Wald 𝜒2 of the entire model fit that

is attributed to that explanatory variable. The larger the propor-

tion of the Wald 𝜒2 is, the larger the explanatory power that a

particular explanatory contributes explanatory power to the fit of

the model. The explanatory variables in the repository properties
dimension account for the largest proportion of the Wald 𝜒2. Pre-

vious studies [9, 14, 36] point out that in open-source projects the

Table 3: Descriptive statistics of the studied factors. His-
tograms are in a log scale for values exceeding one.

1st Qu. Median Mean 3rd Qu. Histograms

PR Dimension
changes_num 1.0 3.0 9.5 8.0

comment_num 0.0 1.0 4.0 4.0

reviewer_num 2.0 4.0 5.1 7.0

wait_time_to_review 0.0 1.0 18.1 13.0

reviewing_time 0.0 1.0 38.9 22.0

per_failed_file 0.0 0.2 0.4 0.8

Repository Dimension
repo_prev_build Failed: 29,316 Passed: 272,193

repo_rec_build 0.0 0.2 0.2 0.2

repo_hist_build 0.0 0.0 0.1 0.2

Contributor Dimension
team_num 1.0 1.0 1.5 2.0

team_member_num 7.0 10.0 15.3 15.0

Table 4:Wald Statistics and partial effect of the logistic regres-
sion model for identifying CI build failures. The explanatory
variables with higher percentage values of 𝜒2 are more sig-
nificant to the model. The larger the magnitude of the odds
ratio is, the larger the partial effect that an explanatory vari-
able has on the likelihood. The explanatory variables that
contribute the most important explanatory power to a model
(i.e., accounting for a large proportion of Wald 𝜒2) are shown
in boldface.

𝜒2 𝑝-value Shifted Value Odds Ratio

Wald 𝜒2 45,235 *** – –

PR Dimension
changes_num 0.1% *** 1.0→8.0 0.5%↑
comment_num 0.1% *** 0.0→4.0 1.6%↑
reviewer_num 0.0% ** 2.0→7.0 2.2%↓

wait_time_to_review 0.0% *** 0.0→13.0 0.3%↑
reviewing_time 0.0% ** 0.0→22.0 0.3%↑
per_failed_file 1.4% *** 0.0→0.8 31.6%↑

Repository Dimension
repo_prev_build 6.1% *** Passed→Failed 174.7%↑
repo_rec_build 21.4% *** 0.0→0.2 111.0%↑
repo_hist_build 5.6% *** 0.0→0.2 29.6%↑

Contributor Dimension
team_num 0.2% *** 1.0→2.0 5.8%↑

team_member_num 0.1% *** 7.0→15.0 2.0%↓

Statistical significance of explanatory power according to Wald 𝜒2 likeli-

hood ratio test:
◦𝑝 ≥ 0.05;∗ 0.01 < 𝑝 < 0.05;∗∗ 0.001 < 𝑝 < 0.01;∗∗∗ 𝑝 <

0.001

↑: The explanatory variable has a positive relationship with the response

variable.

↓: The explanatory variable has a negative relationship with the response

variable.

characteristics of the historical builds in the repository are impor-

tant indicators for CI build failures. Our findings corroborate those

studies under the industrial scenario.

To study the relationship between the explanatory variables and

the response, we plot the odds produced by our models against

each explanatory variable while holding the others at their median

values. Figure 2 shows the relationship between the explanatory

variables and the response variable with the 95% confidence inter-

val (gray area). To estimate the partial effect that the explanatory
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Figure 2: The relationship between the explanatory variable
(x-axis) and the likelihood of a build failing (y-axis). The
larger the odds value, the higher the likelihood that a build
will fail. The gray area represents the 95% confidence interval.

variables have on the likelihood, we analyze the relative change in

the odds corresponding to a shift in the value of each explanatory

variable. Table 4 shows the estimated partial effect of each explana-

tory variable in our models. The Odds Ratio column shows the

partial effect based on the shifted value. For continuous variables,
the observed value is an interquartile range of those explanatory

variables. For categorical variables, the observed value is a com-

parison between the observed categories. Below, we present and

discuss our analysis from the examination of these explanatory

variables in relation to the response variable.

The ratio of the builds that failed out of the recent five
builds of the repository shares a positive relationship with the
likelihood of CI build failure. Table 4 also shows that the ratio of
the builds that failed out of the recent five builds in the repository

shares a significant relationship with the likelihood that a build

will fail. The likelihood increases by 111% when the ratio value

increases from 0 to 0.2. Figure 2 also shows an increasing trend

in the likelihood of CI build failure as the value of this variable

increases. The narrowing of the confidence interval (gray area)

suggests a high precision of this variable to determine the CI build

failure. This result indicates that a build tends to fail if many recent

failures occur in the CI builds.

The ratio of all historical builds in the repository that failed
shares a positive relationship with the likelihood of CI build
failure. Figure 2 confirms this finding by illustrating an increasing

trend between the likelihood and the value of the variable. Table 4

shows the likelihood increases by 29.6% when the percentage value

increases from 0 to 0.2. This result indicates that a build tends to fail

if many historical builds in the repository failed in the CI process.

The likelihood of CI build failure increases if the previous
build failed. Table 4 shows that the likelihood of the current CI

build failing is 174.7% higher in cases where the previous build

fails, compared to where the previous build succeeds. Our result

indicates that if the previous build fails, the current build is likely

to fail too.

The ratio of changed files in the PR that were involved in
the past failed builds shares a positive relationship with the
likelihood of CI build failure. Table 4 shows that the percentage
of changed files in the current PR that were involved in the previous

failed builds has a significant relationship with the likelihood of CI

build failure. The partial effect analysis shows that the likelihood

can increase by 31.6% when the value of the ratio increases from 0

to 0.8. Figure 2 also shows a positive trend between the likelihood of

CI build failure and the value of this variable. This result indicates

that a build with a high ratio of files that previously failed before is

likely to fail in the CI build.

RQ1: The explanatory variables in the repository dimension
share strong associations with the CI build outcomes. The
ratio of the builds that failed out of the recent five builds
of the repository, the ratio of all historical builds of the
repository that failed, the status of the previous PR, and
the ratio of changed files in the PR that were involved in
the past failed builds share strong associations with CI
build failures.

RQ2: What are practitioners’ perceptions about
CI build failures?
To answer RQ2, we asked three questions in our survey to capture

insights from experienced developers who actively performed CI

builds. Q1 is a five-point Likert question that aims to quantify the

level of challenges faced by developers when resolving the CI build

failures. Q2 is an open-ended question to ask the impact of CI build

failures. Q3 is a multiple-selection question with optional free-text

responses to gather developers’ opinions about the causes behind

CI build failures occurring during the CI builds triggered on the

main branch.

According to the results of Q1, 46% of respondents perceived

resolving CI build failures as very to extremely challenging (9%

extremely challenging, 37% very challenging), whereas 13% did not

find it challenging. The remaining respondents rated the difficulty

as moderate. This result highlights that resolving CI build failures

is challenging in software development at Atlassian.

The responses to Q2 revealed that CI build failures can impact

both individual workflow and the overall organization. Developers

perceived that CI build failures may increase time costs and even

disrupt the workflow. As explained by D12, "When a CI build
crashes, you have to play detective on what went wrong. It’s a pain
for you because it eats up time". D1 also pointed out that "CI build
failures can slow down the development process and lead to delays in
software releases". Another impact of CI build failure is reducing
productivity of developers. This was because "someone needs to
spend time looking at why it failed, fix it. Has potential to make roll
backs or hot fixes take longer and affect time to release" (D53). D9 also
explained, "It can really impact development productivity as it takes
a while to find out if builds pass and then have to go back and make
changes". In addition, some developers believed CI build failures

also have an impact on the team. D10 responded that CI build

failure "can sometimes cause a bit of friction among teams, especially
if we’re working on tight deadlines". Another response from D33

argued that CI build failures also highlight "[..] a need for better
training and skill development within the team[..]" because CI build
failures "[..] might indicate knowledge gaps or a lack of familiarity
with the project" (D33).

Despite the possible impact on the software development pro-

cess of CI build failure, several developers believed that CI build

failures are learning opportunity for developers. For example,

D32 noted that "CI build failures [..] are great learning chances to
gain experience..". Moreover, CI build failure is useful in improving
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Figure 3: A UI prototype with mocked data and the prediction of the CI build outcome. (1) shows the likelihood that the build
will fail. (2) suggests the factors that are associated with the CI build failure. (3) explains the factor that may result in CI build
failure. (4) provides a suggestion that may reduce the likelihood of CI build failure.

build processes. By taking lessons from these CI build failures, de-

velopers could stay proactive: "[..] improve build processes. Staying
proactive helps us avoid these issues in major patches later on [..]"
(D32); "These failures can highlight areas where processes need to be
improved or updated" (D34).

The result of Q3 shows that 77% of respondents identified code
issues as the primary reason for CI build failures. It suggests that

developers perceived the improvement in code quality could aid in

reducing CI build failures. This underscores the necessity for de-

velopment teams to invest in code quality assurance measurement

such as the rigorous code review practices. Furthermore, this find-

ing is aligned with previous quantitative research [49], emphasizing

the critical role of code quality in the CI build process.

RQ2: Respondents perceived that CI build failures are chal-
lenging to resolve. The responses from developers noted that
CI build failures delay the software development process
and reduce team productivity. But they also provide oppor-
tunities for developers to take the lessons from failing and
avoid later more serious issues.

RQ3: What are practitioners’ perceptions on the
usefulness of CI build prediction?
To understand the perceived usefulness of the CI build prediction,

Q4 aims to ask developers about the usefulness of this technique

in their day-to-day workflow. To facilitate a clearer understanding,

we developed a UI prototype (i.e., user interface) to visually demon-

strate our concept. Figure 3 depicts our UI prototype that integrates

the CI build prediction (red boxes)into Bitbucket. The prediction

consists of four main components: the likelihood, associated factors,

an explanation, and a suggestion.

The responses to the Likert-scale question of Q4 show that 58%

of the respondents believed that the CI build prediction is somewhat

to extremely useful (41% extremely useful, 17% somewhat useful).

Conversely, 29% of the respondents argued that this technique may

be not useful in practice. The remaining respondents maintained a

neutral stance. This result indicates that CI build predictions could

be useful in addressing CI build failures in practice.

The analysis of the answers to the open-ended question revealed

that developers perceive the CI build prediction as providing proac-
tive insights into code quality control of PRs. D12 regarded this

technique as "a checkpoint" for catching code errors in PRs. Devel-

opers appreciated its ability to "proactively identify potential issues"
(D19) and know "potential issues beforehand" (D26). With the help

of this technique, developers could "avoid the bad code being merged
to the codebase" (D25) and "find the buggy code before the merge
happens" (D12). Another highlighted benefit is its role in aiding

decision-making. This aspect was further elaborated by D53, who

commented on the technique’s usefulness in "evaluating how teams
can reduce risk and speed up development flow". Such insights are es-

pecially beneficial in a fast-paced development environment where

decision-making is important.

However, developers were concerned about the accuracy of the

predictions. D27 raised a valid point about potential setbacks caused

by "false positives and false negatives", which can lead to "delay our
review and testing process". Another concern from D27 was the pos-

sibility of developers relying too much on this technique "There
is a risk of becoming overly reliant on these predictions" if the predic-
tions are seen as substitutes during code review practices. D53 also

pointed out that the utility of this technique may be limited due
to the different skill levels of developers, suggesting that it may

be primarily beneficial to "junior members" who may rely more on

such techniques for guidance, as opposed to experienced developers

who may find less value in it. This distinction underscored the need

for techniques that provide balanced and valuable insights for all

members with different skill levels within a development team.
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Table 5: The factors, explanations, and examples of suggestions provided in the survey for the percentage of current changed
files in previous failed builds (per_failed_file), the number of changed files (changes_num), and the number of comments
(comment_num).

Factors Explanations Suggestions

per_failed_file

High percentage of changed files that were involved in the

previous failed build may cause the previous issues again.

Ensure all files in previous failed build

are carefully checked.

changes_num

A PR with a large number of changed files may contain

more issues.

Break the large PR down into smaller PRs,

each addressing small and coherent changes.

comment_num

A high number of comments may suggest more potential

issues or disagreements in the PR.

Ensure all comments are addressed.

50 500100 100

Neutral Agree

Percent

per_failed_file

changes_num

comment_num

Strongly AgreeDisagreeStrongly Disagree

Figure 4: Practitioners’ agreement on the explanations and
suggestions based on PR-dimension factors.

RQ3: Respondents acknowledged the value of the CI build
prediction in providing proactive insight into PRs and fa-
cilitating decision-making. However, the practitioners still
had concerns about the accuracy, the risk of over-reliance,
and providing balanced and valuable support to all devel-
opers across different skill levels.

RQ4: What are practitioners’ perceptions on the
explanations and suggestions of CI build
predictions?
This RQ will focus on the practitioners’ perceptions of explanations

and suggestions based on the factors in the PR dimension. This

is because these factors are within the scope where developers

can take action on the currently submitted PRs. Despite the strong

associations of repository dimension shown in RQ1, these factors

primarily measure the past builds which provides limited scope for

developers to take any actions to improve the current PR to pass

the build. Similarly, the factors in the contributor dimension are

related to personnel, and the developer is unable to change them

to reduce the likelihood of a CI build failure.

We select three PR-dimension factors that have explanatory

power greater than zero, i.e., the number of changed files, the num-

ber of comments, and the ratio of changed files in the PR that were

involved in the past failed builds. Then, we employ a Likert-scale

question followed by an open-ended question to inquire about the

perception of developers on these three factors (Q5-Q7). Table 5 de-

scribes the explanation and suggestion corresponding to each factor

presented in our survey. We display the corresponding explanation

and the suggestion for each factor in our UI prototype (see Fig 3).

Fig 4 shows that 46% of the respondents agreed with the ex-

planation and suggestion based on the per_failed_file factor, i.e.,
the ratio of changed files in the PR that were involved in the past

failed builds (7% strongly agree, 39% agree). The respondents noted

that the suggestion should specify the changed files in previ-
ous failed builds. They expressed that listing these files in the

suggestion could support: "make sure we’re not missing any files
that could trip us up later" (D12) and "point out some potentially
dangerous areas that should be focused on in review" (D51). Another
important theme pointed out by the respondents is identifying the
specific issues in the changed files. They showed a keen interest

in understanding the root causes of the previous issues in these

changed files that influence the CI build outcome. They believed

that such insights could "help in making a more informed decision"
(D26), thereby enhancing the overall efficiency and success rate of

CI builds.

Fig 4 shows that 44% of respondents agreed with the explana-

tion and suggestion based on the change_num, i.e., the number of

changed files (9% strongly agree, 35% agree). The open-ended ques-

tion reveals that the respondents generally perceived big changes in
PRs as a risk (D25) and a cause for concern (D17) for CI build failure.

Some developers acknowledged that the provided suggestion in

Table 5 could reduce the CI build failure caused by a large number

of changed files. For instance, D42 noted that "Breaking big PR into
small one is a good practice", while D19 added that "smaller updates
are easier to handle and less likely to mess things up". Nevertheless,
some respondents noted that breaking down large PRs needs to

be evaluated on a case-by-case basis. D27 elaborated on this

and further stated that "sometimes, large updates are necessary and
breaking them down isn’t feasible". This suggests scenarios where
significant system modifications are required, and these changes

need to be implemented together in a single large update. This

perspective emphasizes that explanations and suggestions of the

factors depend on the context of the scenario.

Lastly, Fig 4 shows that the percentage of respondents who agree

with the explanation and suggestion based on the impact of com-

ment count is less than the prior explanations and suggestions (4%

strongly agree, 30% agree). A key theme emerging from these re-

sponses centered around the quality of comments rather than
their quantity. Many developers argued that it’s the relevance and

substance of comments rather than their number that might influ-

ence CI build failure. For example, a high number of comments may

be discussions (D17) or conversation (D25) that are not related to the

CI build failure. D40 shared a similar opinion that comments like

"Nice" and "Great change", despite the frequency of these comments,

do not contribute to understanding or preventing CI build failures.
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Contrary to our findings in quantitative analysis, some develop-

ers believed that a high number of comments does not imply
negative implications for the CI build. D38 believed that "More
comments does not mean more bad". Some developers believed that

a high number of comments may indicate "a thorough review" (D27)
and is"not an unhealthy process" (D39). From this perspective, a

PR with a high number of comments could also give the "high
confidence" (D38) of the developers that the build will pass.

RQ4: Respondents agreed that CI build failures are associ-
ated with the percentage of current changed files that were
involved in the previous failed builds and the number of
changed files. However, while recognizing the significance
of these factors in understanding the CI build failure, de-
velopers emphasized that the explanations and suggestions
for these factors should be optimized to fit the context of
development scenarios. This underscores a need for further
research and investigation to refine and tailor these in-
sights for varied scenarios.

5 IMPLICATIONS
Below, we provide the discussion about the implications of our

work to researchers and practitioners.

5.1 Suggestions for Researchers
Beyond our research questions, we provide the following implica-

tions for researchers that deserve further study:

Collaboration between Human Judgment and Automated
Predictions: RQ3 shows the necessity of a balanced collabora-

tion between human judgment and automated predictions of build

outcomes in CI processes. There’s a need for detailed studies that ex-

plore the dynamics of trust, reliance, and decision-making between

developers and CI build prediction. For example, researchers can

optimize the integration of these techniques by studying how devel-

opers interact with and interpret the predictions and suggestions

provided. Such research could involve developing frameworks that

facilitate effective communication between the CI build prediction

technique and the developer, ensuring that the predictions are not

only accurate but also presented in a manner that is aligned with

the developer’s cognitive and decision-making processes.

Investigation into Contextual Dependencies: RQ4 highlights
that the effectiveness of CI build predictions depends on the context,

such as project characteristics and the individual experience levels

of developers. This observation underscores the potential benefits

of tailoring the level of automation and the nature of interactions

between the build prediction technique and its users based on these

contexts. It suggests that a one-size-fits-all approach may not be op-

timal and that customization could enhance the build prediction’s

effectiveness and user satisfaction. It is worth conducting further

research involving in-depth case studies or comparative analyses

across diverse contexts to understand the contextual factors affect-

ing the utilization of CI builds prediction in practice.

Enhancement of Build Prediction Explainability: Our ob-
servation from RQ4 pinpoints the importance of explainability in

CI build prediction. We found that developers are more likely to

trust and effectively utilize these techniques when they understand

the rationale behind predictions. Although we give a glance into

the explanation of the CI build prediction, there’s substantial room

for advancement. Future research can focus on creating intuitive

methods to convey complex model decisions such as interactive

visualizations or clear narrative explanations. Studies could also

explore the impact of different explanation types on developer

trust and model utilization, aiming to tailor explainability features

to developers’ specific needs and preferences. Enhancing explain-

ability plays an important role in fostering relationships between

developers and CI build prediction.

5.2 Implications for Practitioners
Based on the findings and responses from the survey with Atlassian

developers, we derive the following implications for practitioners.

Encouraging Learning from CI Build Failures: RQ2 shows
that although CI build failures can be disruptive, they are also seen

as opportunities for learning from failures and improving build

processes. Practitioners should draw lessons from these failures.

This involves not just fixing the immediate issues but also under-

standing the underlying causes and taking steps to prevent similar

issues in the future.

Improvement of Code Review Practices: Aligning with the

findings of prior research [8, 32, 53], our study confirms that mean-

ingful and constructive code review practices are essential for a suc-

cessful CI process based on the findings of RQ2. Practitioners should

encourage teams to engage in thorough code reviews, focusing on

the substance of code changes. Investing time in comprehensive

reviews can preempt issues that lead to build failures.

Optimizing CI Processes with CI Build Prediction: The
results of RQ3 indicate that developers appreciate the CI build

prediction as a proactive measure for catching issues in builds. It’s

recommended that organizations integrate such technique into their

CI processes. This technique not only identifies potential issues

before code merging but also aids in decision-making, especially in

fast-paced development environments where the cost of a delayed

reaction can be considerable.

Balancing Reliance with Human Judgment: From the results

of RQ3, we found that while CI build prediction are valuable, there’s

a risk of developers becoming overly reliant on these techniques.

It’s recommended that while these techniques should be used to aid

the review process, they should not replace the need for thorough

human review. Practitioners should foster an environment where

techniques are used as a complement to human expertise.

6 THREATS TO VALIDITY
Internal validity concerns the quality of the study design and the

rigorousness of its execution. In our study, these threats are related

to data mining, model construction, as well as survey design and

analysis. We directly utilized the aggregated data sourced from

Atlassian’s developer database (excluding any of Atlassian’s cus-

tomers’ data). This provided us with access to the latest and most

relevant dataset. To enhance data accuracy, we conducted a manual

inspection and filtered out the apparent outliers from the dataset.

The selection of factors for the LRMmodel may be a potential threat

to our study. We mitigated this by relying on the metrics previously

established and validated by the research community. Other factors

(e.g., human factors) may also play a role in CI build outcomes.
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However, the selection of each factor is governed by the limitation

of data availability. Thus, we cannot analyze such factors due to

limited access. In designing our survey, we created questions to be

both clear and easy to understand. While acknowledging some po-

tential biases in analyzing open-ended questions, we addressed this

by manually conducting a thematic analysis approach for unbiased

analysis and engaging multiple coders to ensure an accurate inter-

pretation of the data. In addition, the developers facing significant

challenges in CI builds may be more motivated to participate in

surveys. To address this bias, we invite a wide range of developers

within Atlassian, not solely those who experienced CI build failures.

External validity concerns the generalizability of our findings.

Our study specifically focuses on the projects developed by Atlas-

sian teams and the developers involved in these projects. Although

these projects are used in an industry setting and the survey par-

ticipants are highly experienced full-time software developers, it’s

important to note that our findings may not be generalized across

all other projects from other companies or those within open-source

communities. However, further research is essential to deepen the

understanding of the CI build failures and to create a unified body

of empirical knowledge.

7 RELATEDWORK
In this section, we discuss the related work related to CI build

failures and CI build predictions.

CI Build Failures. CI build failures can disrupt the develop-

ment work of entire teams for a considerable time [24, 27]. Such

long build times greatly increase the cost of human and computing

resources, and hence become a common barrier faced by software

organizations adopting CI [15]. To address CI build failures, many

studies aim to understand the underlying causes [12]. Seo et al. [40]

explored compiler errors that occur in the build process. They de-

veloped a classifier of compilation errors leading to build failures.

Kerzazi et al. [24] examined the impact of socio-technical congru-

ence on build failures. They observed a high percentage of build

failures (17.9%) that brings a potential cost of about 2,035man-hours,

considering that each failure needs one hour of work to succeed.

Jin et al. [21] developed a set of rules that indicates the safe builds

to skip. Similarly, Abdalkareem et al. [2] manual investigate 588

java projects. They proposed the rules to identify the CI skipped

commit. Rausch et al. [33] and Beller et al. [6] focused on the impact

of failed test cases on CI build. They highlight the importance of

testing in CI build failure. Orellana Cordero et al. [30] extended this

focus to test-related build failures in open-source projects. Gallaba

et al. [13] investigate 3.7 million build jobs to analyze the noise and

heterogeneity in build outcome data.

Different from prior studies, our work focuses on investigating

CI build failures within the context of Atlassian’s development

environment. We explore both technical factors and the human and

organizational factors that potentially influence CI build failures.

This enables us to uncover a broader spectrum of potential causes

and impacts of CI build failures.

CI Build Predictions. Recent works leverage various tech-

niques to predict the outcomes of CI builds. Xia and Li [52] explored

6 predictivemodels across 126 open-source projects to predict the CI

build outcome. Finlay et al. [11] used data streammining techniques

based on code metrics (i.e., basic metrics, dependency metrics, com-

plexity metrics, cohesion metrics, and Halstead metrics) to predict

build outcomes. Jin et al. [20] proposed SmartBuildSkip to predict

the first build in a sequence of build failures. Abdalkareem et al. [1]

proposed a machine learning approach to determine the commits

that can be CI skipped. Barrak et al. [5] performed a replication

study using different datasets and features to explain and predict

the outcome of builds. Jin and Servant [22] introduce a hybrid tech-

nique called HybridCISave to predict CI build failure. Ni and Li [29]

predicted build outcomes in CI based on file-level metrics from the

current and previous builds and failure statistics from historical

builds. Hassan and Wang [14] leveraged metrics from the current

and previous build. Chen et al. [9] also extract the metrics from his-

torical builds for their prediction. Our findings further emphasize

the vital role that factors related to historical builds have in predict-

ing CI build failures. This confirms that these prior findings derived

from open-source projects are applicable to the industrial context

of Atlassian. In addition, some researchers [39, 50] integrated so-

cial network analysis to capture communication structure. They

incorporate these structures into models to predict build outcomes.

Despite recent advances, build outcome prediction still faces

challenges that limit the practical application of these techniques

in CI. Firstly, the explanation of the predictive model needs to be

investigated. The effectiveness of the predictive model hinges on

their ability to provide insightful explanations [18, 19, 31, 41, 43–

46]. To help developers effectively address CI build failures, it is

necessary to explain the models of these CI build predictions and

understand the reasoning behind the predictions. Secondly, there’s a

gap in understanding how developers perceive and interact with the

CI build prediction techniques. Grasping developers’ expectations

and concerns is crucial for the successful integration and adoption

of these techniques in real-world scenarios. Thus, we recognize our

work as a complement to those previous works.

8 CONCLUSION
In this work, we investigated the CI build failures within Atlassian’s

projects, highlighting the challenges of addressing CI build failures

in a real-world software development environment. Our analysis

revealed that the factors in the repository dimension are strongly

associated with the CI build outcomes. In addition, Atlassian’s de-

velopers perceived that CI build failures are challenging to resolve.

They believed that CI build failures could delay the software de-

velopment process and reduce team productivity. Moreover, we

identified that both technical and human factors play significant

roles in adopting the CI build prediction in practice. We hope that

the findings and the insights we revealed can improve CI build

failure prediction and aid developers in performing the CI build.

9 DISCLAIMER
The perspectives and conclusions presented in this document are

solely the authors’ and should not be interpreted as representing

the official policies or endorsements of Atlassian or any of its sub-

sidiaries and affiliates. Additionally, the outcomes of this study are

independent of, and should not be construed as an assessment of,

the quality of products offered by Atlassian.
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