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Abstract Data Analysis (DA) integration into Agile Software Development (ASD)
has generated substantial research, yet this work remains scattered across multiple
studies. This exploratory review consolidates the literature to provide an integrated
overview. DA applications in ASD span performance prediction for project management,
objective insights for decision-making processes, and continuous quality assessment
with fault prediction. Big Data, Al, and ontologies have emerged as critical enablers for
productivity gains and data integration. Adoption barriers persist: scarce relevant data,
information overload, limited specialized tools, and absence of formal methodological
frameworks. Although DA could significantly improve ASD efficiency and quality,
realizing these benefits requires further research to develop and empirically validate
frameworks.

1 Introduction

Agile software development (ASD) has revolutionized the industry by prioritizing adapt-
ability, collaboration, and rapid value delivery, enabling teams to respond effectively
to the growing complexity of projects and changing market demands. In this dynamic
environment, data analysis has become an indispensable tool for driving informed
decision-making and optimizing the development process [17].

Data collection and analysis throughout the software development lifecycle allows
agile teams to track project progress, product quality, and user behavior [5]. Teams use
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this information to identify improvement areas, predict risks, and base decisions on
evidence rather than intuition [3, 6].

The adoption of Data-driven decision-making (DDDM) approaches in agile software
development remains limited. Empirical studies document a gap between recognizing
DDDM’s value and implementing it in practice, primarily due to scarce relevant data,
interpretation challenges, and inadequate tooling [10, 5]. Current research anticipates in-
creased DDDM integration into strategic decision-making, requirements management,
and process improvement [27].

This paper aims to examine the role of data analysis in optimizing agile project
development in software engineering. To achieve this objective, we pose the following
research question: How can data analysis be used to improve agile project development
in software engineering? Through a detailed analysis of ten studies in the field, we
will explore the various applications of data analysis in agile projects, the benefits it
provides, and the challenges that persist.

This paper is organized as follows: first, the fundamental role of data analysis in
optimizing agile project development is introduced. Then, a review of the identified
application areas in the literature is presented. Next, a synthesis of the literature is
provided, highlighting common themes, trends, challenges, and opportunities. Follow-
ing this, the implications of the findings for both practice and research are discussed.
Finally, the main conclusions of this study are summarized.

2 Key Applications of Data Analysis in Agile Development

Distinct key application areas have been identified in which data analysis is transforming
agile project development.

2.1 Frameworks for Data Science Project Management

Data science project management presents unique challenges due to the inherent uncer-
tainty in requirements, project success, time estimation, and the quality and relevance of
data for the desired predictive model [23]. Traditional approaches like Scrum, Kanban,
and CRISP-DM can be inadequate for these challenges, as they were not designed to
handle the iterative and uncertain nature of data science projects [23, 1]. These ap-
proaches may face difficulties in task estimation, process definition, and integration
with other techniques [23].

In [23], the authors propose a new framework called Data Driven Scrum (DDS) to
improve the management of data science projects. DDS integrates concepts from Scrum
and Kanban but is adapted to the specific challenges of data science by following the
four Lean principles for data science. Instead of fixed-time iterations, DDS focuses on
completing logical work capabilities, which allows for greater flexibility and adaptability
to project uncertainty. Furthermore, meetings in DDS are decoupled from iterations
and are held based on logical time intervals, facilitating team communication and
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coordination. DDS also uses high-level effort estimates to prioritize future iterations,
rather than detailed estimates that can be difficult to perform in data science projects.

2.2 Integrating Scrum in Data Science Projects

Building on these frameworks, other approaches seek to adapt Scrum directly into
data science contexts. Baijens et al. [2] developed Scrum-DS, which integrates Scrum
events, artifacts, and roles into the CRISP-DM data science process stages. Sprint-
based work breakdown with regular reviews and retrospectives provides early and
continuous feedback, enables rapid problem identification, and supports adaptation
to requirement or data changes. The methodology introduces ”Sprint Zero” for data
preparation, addressing this challenge within a structured timeframe. Expert interviews
across three organizations evaluated and refined Scrum-DS, confirming its compatibility
with data science projects and its capacity to improve project execution.

2.3 Data Analysis for Decision-Making in Scrum

Beyond project management, data analysis and machine learning enhance decision-
making in Scrum, particularly during sprint retrospectives. Sandoval et al. [24] propose
supervised machine learning models and analytics techniques to analyze sprint and issue
data. Pattern and trend identification in this data helps teams recognize improvement
areas and make evidence-based decisions for process optimization [19, 12].

The SEMMA (Sample-Explore-Modify-Model-Assess) methodology structures the
machine learning model development. The classification and regression models demon-
strate data analysis capabilities for Scrum decision-making. A k-neighbors classification
model predicts issue types with 88% accuracy, supporting precise issue categorization
and reducing development delays. The multiple linear regression model predicts sprint
velocity, enabling accurate estimates and improved sprint planning.

2.4 Big Data and Agile Software Development

At a broader scale, Big Data Analytics (BDA) offers tools for improving ASD [4]. A
systematic mapping study examines BDA applications across the agile software de-
velopment lifecycle [5]. BDA is employed throughout the lifecycle, including code
repository analysis, defect correction, testing, project management analysis, and appli-
cation usage analysis. Improving software development team productivity represents a
primary BDA objective in industry [9].
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2.5 Continuous Assessment and Improvement of Software Quality

Software quality remains central to ASD, and analytics tools integrating quality models
(QM) support continuous evaluation and improvement. Martinez et al. [16] present a
case study of four companies using Q-Rapids, a software analytics tool, to evaluate
and improve quality in ASD projects. Quantitative and qualitative results indicate pro-
fessionals view QM integration in analytics tools favorably and find the tools useful.
However, adoption challenges emerged, including company-specific adaptation needs
and integration requirements with existing tools.

2.6 Ontologies and Data Management in Scrum

Another challenge arises from tool diversity and multiple information sources. Ontolo-
gies like the Scrum Reference Ontology (SRO) [25] establish a common framework
for data conceptualization and exchange. Common semantic data representation facili-
tates integration and analysis across different sources, improving decision-making and
project management. A case study demonstrated that SRO-based integrated solutions
improved estimates, team allocation, and project performance management.

2.7 Intelligent Software Engineering and Agile Development

As applications become more sophisticated, Intelligent Software Engineering (ISE)
applies techniques including machine learning and Bayesian networks to improve soft-
ware development aspects. Perkusich et al. [20] present a systematic literature review on
intelligent technique applications in ASD. Reasoning under uncertainty, search-based
solutions, and machine learning emerge as the most utilized techniques. These apply
to effort estimation, requirements prioritization, and resource allocation, primarily sup-
porting decision-making [18]. The study identifies a trend toward explainable intelligent
techniques for increased transparency and trust.

2.8 Failure Prediction in Agile Development

Predictive approaches extend these applications to risk management. Failure prediction
in agile development ensures product quality and process efficiency. Batarseh et al. [3]
present Analytics-Driven Testing (ADT), which uses data analysis to predict failures in
upcoming sprints. ADT employs the Mean Time Between Failures (MTBF) concept.
Through statistical analysis and regression models, ADT predicts failure locations and
timing, allowing teams to implement preventive measures. Experimental validation
showed ADT predicted failures with 93.5% statistical accuracy.
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2.9 Data-Driven Decision-Making and Data Availability

Finally, adoption of Data-Driven Decision-Making remains a cross-cutting theme.
Svensson et al. [27] conducted an empirical study investigating how software pro-
fessionals view and apply DDDM. While professionals recognize DDDM capabilities,
current adoption remains limited. Primary barriers include data availability, insufficient
knowledge about data utilization, and inadequate tooling. Despite limited current adop-
tion, professionals express positive expectations for future DDDM use, particularly in
strategic decision-making and requirements management.

Related to this, ASD generates a large amount of data that, if properly collected and
analyzed, can provide valuable information to inform and improve decision-making
processes. The different types of data available are explored in [17]. The authors iden-
tify three main categories: business data, software project data, and “’reality mining”
data, which is obtained from observing human behavior. The authors emphasize the im-
portance of combining data analysis with human interpretation to make more informed
decisions in agile software development.

3 Review Synthesis

The literature review reveals several common themes, trends, challenges, and opportu-
nities regarding the application of data analysis to improve agile project development
in software engineering.

Common Themes. Traditional project management approaches may be unsuitable
for data science projects due to their iterative and uncertain nature, necessitating new
frameworks [23, 2]. In general, there is a consensus on the potential applications of
data analysis to improve decision-making in agile software development, from sprint
planning to requirements management and software quality assessment [3, 24, 2, 16].

Another recurring theme is the integration of heterogeneous data sources, which
allows organizations to obtain a holistic overview of the project and make informed de-
cisions [5, 25]. Artificial intelligence and machine learning techniques, such as Bayesian
networks, clustering algorithms, and regression models, are increasingly being used to
analyze data and generate useful insights for decision-making processes [3, 20].

Trends. There is a growing trend toward adopting agile methodologies like Scrum
in data science projects to improve their management and outcomes [24, 2]. Software
analytics tools and methods that integrate quality models are gaining popularity for
continuously assessing and improving software quality in agile projects [3, 16]. The
application of intelligent techniques and analytics in agile software development is
increasing, with a focus on data-driven decision-making processes and task automation
[5, 24, 20, 13, 21].

Challenges. Although promising, the widespread adoption of DDDM in agile soft-
ware development is hampered by several key barriers. Challenges often begin with
the data itself, from a scarcity of relevant information to an overabundance that causes
information overload [27]. On a technical and organizational level, integrating data
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from multiple sources and tools poses a challenge [25]. Furthermore, existing tools
and methodologies are not always universally applicable, requiring adaptation to meet
the specific needs of projects and companies [16, 26, 8]. Moreover, the deficiencies
in specialized knowledge required to leverage these tools effectively and the need for
greater transparency. The black-box nature of some artificial intelligence techniques,
for instance, can forestall adoption if their outputs are not easily explainable [20, 15].

Opportunities. Developing new tools and methodologies could facilitate the col-
lection, analysis and visualization of relevant data for decision-making processes in
the agile context [27]. Training software professionals in DDDM and the use of data
analysis tools can improve the adoption and impact of these practices [27]. Explainable
intelligent techniques reduce adoption barriers in agile software development by ad-
dressing transparency concerns [20]. Lifecycle-wide DDDM integration affects project
efficiency and quality metrics [17].

4 Discussion

Agile Frameworks for Data Science Projects. The analysis of the literature reveals a
wide spectrum of possibilities for how data analysis can enhance agile project devel-
opment in software engineering. To begin, the adoption of agile frameworks adapted
for data science, such as DDS, can address the specific challenges of these projects,
including uncertainty in requirements and time estimation. Using capability-based iter-
ations and high-level estimations, DDS offers greater flexibility and adaptability than
traditional approaches such as Scrum or Kanban [14].

Data-Driven Decision Making in Agile Lifecycle. Data analysis can empower
decision-making processes at different stages of the agile development lifecycle. For
instance, during the sprint retrospective phase in Scrum, data analytics and machine
learning techniques can help identify areas for improvement and predict future team
performance. During sprint planning, historical data analysis can improve effort esti-
mation and resource allocation [7]. Big Data analytics can also be applied across all
stages of agile development to obtain insight into code quality, team performance, and
user behavior, enabling more informed decisions and process optimization.

Quality Assurance Through Software Analysis Tools. In addition, integrating
software analysis tools with quality models can facilitate continuous evaluation and
improvement of software quality in agile projects. These tools, such as Q-Rapids,
provide valuable information on product quality and the development process, allowing
teams to identify and address quality issues early and proactively.

Intelligent Software Engineering Approaches. Intelligent software engineering
offers a promising approach to enhance agile development by applying intelligent tech-
niques like machine learning and Bayesian networks. These techniques can automate
tasks, analyze data, and provide valuable information for decision-making in areas such
as effort estimation, requirements prioritization, and resource allocation.

Predictive Analytics for Failure Prevention. Data analysis can be used to pre-
dict failures in agile software development. Methods like the Analytics-Driven Testing
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approach, which utilize statistical analysis and regression models, can help teams an-
ticipate failures and take preventive measures to avoid them or mitigate their impact.

Practical and Research Implications. The results of the literature review reveal
significant implications for the use of data analysis in agile projects. They highlight the
need to adopt frameworks and methodologies that adapt to the iterative and uncertain
nature of agile software development, especially in data science projects.

Similarly, the findings underscore the value of data analysis in enhancing decision-
making processes throughout all stages of the development lifecycle, from planning to
continuous evaluation and improvement of software quality. This review also empha-
sizes the importance of integrating data from multiple sources and tools to obtain a
holistic view of the project and make more informed decisions. Thus, the results point
to the capabilities of artificial intelligence and machine learning techniques to automate
tasks, analyze data, and generate actionable insights for decision-making processes.
Finally, a summary of the analysis can be observed in Table 1.

Table 1: Summary of the Analysis in the Selected Publications

Article Application Benefits

Area

Applied Tech-
niques/Outcomes

Data science
project manage-
ment.

Saltz et al. (2022) [23] Iterations based on capa-
bilities, decoupled meet-
ings, high-level estima-

tions.

Greater flexibility and
adaptability to the un-
certainty of data science
projects, improved team
communication and coor-
dination, effective prioriti-
zation of iterations.

Sandoval-Alfaro and
Quintero-Meza (2021)
[24]

Decision-making
in the Scrum
retrospective
stage.

Supervised machine learn-
ing models (regression and
classification), data analyt-
ics techniques, SEMMA
methodology.

Improved task estimation,
prediction of team veloc-
ity, more informed and

evidence-based decision-
making in retrospectives.

Baijens et al. (2020)
[2]

Execution of data
science projects.

Scrum-DS methodology
(integration of Scrum and
CRISP-DM), Sprint Zero.

Higher success rate in data
science projects, early

and continuous feedback,
rapid identification and
resolution of problems,
adaptation to changes, bet-
ter work organization and
prioritization, structured
approach for data prepara-
tion.

Continued on next page
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Table 1 — continued from previous page

Name Application Applied Tech- Benefits
Area niques/Results

Biesialska et al. (2021) ASD (analysis of Predictive, descriptive, and Identification of improve-

[5] code repositories, adaptive analysis; machine ment areas in project de-
defect correction, learning (SVM, Random  velopment, process opti-
testing, project Forest, Naive Bayes, neural mization, risk prediction,

management, networks). more informed decision-
application usage making, improvement of
analysis). software quality and devel-

opment efficiency.

S. Martinez-Fernandez Continuous as-  Software analysis tools Valuable information about

etal. (2019) [16] sessment and with integrated quality product and development
improvement of  models (Q-Rapids). process quality, early iden-
software quality tification of quality prob-
in ASD projects. lems, data-driven decision-

making to improve soft-
ware quality.

Santos Junior et al. Data manage- SRO, semantic integration Improved project man-
(2021) [25] ment in Scrum  of applications (Azure agement, more informed
projects. DevOps and Clockify). decision-making, auto-

matic data exchange be-
tween applications, reduc-
tion of manual work and
errors, greater focus on
development activities.

Perkusich et al. (2020) ASD (effort esti- Reasoning under uncer- Task automation, data
[20] mation, require-  tainty (Bayesian networks), analysis, decision-making
ments prioriti- software-based search, support, improvement of
zation, resource  machine learning. software efficiency and
allocation, and quality.
requirements
management).

Batarseh and Gonzalez Failure prediction Statistical analysis, MTBF, Failure anticipation, im-

(2018) [3] in ASD. regression models, ADT . provement of software
quality, reduction of devel-
opment costs.

Svensson et al. (2019) Decision-making Questionnaire for software Identification of barriers

[27] in ASD. professionals. to DDDM adoption (lack
of data, lack of knowledge,
lack of tools), positive
outlook on the future use
of DDDM in strategic
decision-making and re-
quirements management.

Continued on next page
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Table 1 — continued from previous page

Name Application Applied Tech- Benefits
Area niques/Results

Matthies and Hesse Decision-making Analysis of business data, More informed decision-
(2019) [17] in ASD. software project data, making at all project
“reality mining” data. levels, identification of

problems and failures,
improved team communi-
cation and coordination,
process optimization, im-
provement of software
quality.

5 Conclusions

Data analysis enables agile teams to make decisions based on evidence from mul-
tiple sources, optimize processes, and improve product quality. Data-Driven Scrum
addresses data science project challenges through adapted frameworks. Sprint retro-
spective analysis identifies improvement areas and predicts team performance. The
Scrum-DS methodology combines Scrum’s iterative structure with data science’s ex-
ploratory nature.

Big Data analytics applies across the agile development lifecycle to enhance produc-
tivity. Software analysis tools with integrated quality models support continuous quality
evaluation in agile projects. Ontologies like the Scrum Reference Ontology facilitate
cross-tool data integration, improving project management decisions.

Intelligent software engineering applies machine learning and Bayesian networks to
automate tasks and analyze data for effort estimation, requirements prioritization, and
resource allocation. Analytics-driven testing demonstrates failure prediction capabilities
in agile development.

Current DDDM adoption in agile software development remains limited by sev-
eral barriers: data scarcity, information overload, insufficient analytical knowledge, and
inadequate tooling. Addressing these requires developing appropriate tools and method-
ologies, training professionals, and researching explainable intelligent techniques.

6 Future Work

Several areas require further research in data analysis for agile development. DDDM
adoption barriers need systematic solutions. Data scarcity, information overload, analyt-
ical skill gaps, and tool inadequacies limit practical implementation. Tool development
should focus on data collection, analysis, and visualization specific to agile contexts.
Professional training in data analysis could improve team decision-making and project
outcomes.
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Heterogeneous data integration from multiple sources and tools presents ongoing
challenges. Solutions for seamless integration and effective visualization could enhance
agile project decision-making [22, 28].

Research into explainable intelligent techniques should continue. Understanding
system reasoning and decision processes affects professional adoption. Methods that
clarify intelligent system decisions and their application to development processes merit
investigation [11].

Early failure detection methods could reduce development costs. Research should
identify reliable failure-predicting patterns and metrics, developing predictive models
for integration into agile tools and processes.
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